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Abstract

In the present work, the modeling capabilities of conformal geometric algebra
(CGA) are harnessed to approach typical problems from the research eld of 3D-
vision. This increasingly popular methodology is then extended in a new fashion
by the integration of a least squares technique into the framework of CGA. Specif-
ically, choosing the linear Gauss-Helmert model as the basis, the most general
variant of least squares adjustment can be brought into operation. The result is
a new versatile parameter estimation, termedGH-method, that reconciles two dif-
ferent mathematical areas, that is algebra and stochastics, under the umbrella of
geometry. The main concern of the thesis is to show up the advantages inhering
with this combination.

Monocular pose estimation, from the subject 3D-vision, is the applicational focus
of this thesis; given a picture of a scene, position and orientation of the image cap-
turing vision system with respect to an external coordinate system de ne the pose.
The developed parameter estimation technique is applied to di®erent variants of
this problem. Parameters are encoded by the algebra elements, called multivec-
tors. They can be geometric objects as a circle, geometric operators as a rotation
or likewise the pose. In the conducted pose experiments, observations are image
pixels with associated uncertainties. The high accuracy achieved throughout all
experiments con rms the competitiveness of the proposed estimation technique.

Central to this work is also the consideration of omnidirectional vision using a para-

catadioptric imaging sensor. It is demonstrated that CGA provides the ideal frame-

work to model the related image formation. Two variants of the perspective pose
estimation problem are adapted to the omnidirectional case. A new formalization

of the epipolar geometry of two images in terms of CGA is developed, from which
new insights into the structures behind the essential and the fundamental matrix,

respectively, are drawn. Renowned standard approaches are shown to implicitly
make use of CGA. Finally, an invocation of the GH-method for estimating epipoles

is presented. Experimental results substantiate the goodness of this approach.

Next to the detailed elucidations on parameter estimation, this text also gives
a comprehensive introduction to geometric algebra, its tensor representation, the
conformal space and the respective conformal geometric algebra. A valuable con-
tribution is especially the analytic investigation into the geometric capabilities of
CGA.
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Chapter 1

Introduction

The main concern of this thesis is to establish an amalgamation of three di®er-
ent subjects: conformal geometric algebra, computer vision and stochastics - a de-
manding task since the computer vision community tends to adopt a “stepmotherly’
attitude towards geometric algebra. The subjects are not brought together because
it is possible, but rather because it is suggesting and, retrospectively, worth while.
This is azrmed, for instance, by the recent work of Rosenhahn [102] and Perwass
[93], who did a great job in their endeavor to advance the acceptance of geometric
algebra in computer vision. It is one of the aims of this thesis to carry on their
work from an engineer's standpoint. For this purpose, many practical applications
of geometric algebra from the “eld of computer vision, including experimental re-
sults, are proposed. The description of geometric algebra was rendered as complete
as possible so that it can additionally be used as a reference book. Likewise, a
comprehensive introduction to the theory of parameter estimation is given. For the
subject speci ¢ related work refer to the respective sections. Subsequently, each of
the three major disciplines is motivated in a few words. Thereafter, a synopsis of
the individual chapters is given.

1.1 Motivation Geometric Algebra

It shall be mentioned in advance that it is not the aim to proselytize readers of
this work to employ geometric algebra (GA), rather the aim is to convince them to
thoroughly occupy themselves with GA for a while.

Geometric algebra can be viewed as a set of elements which are closed under a
certain product. The elements are linear combinations from the algebra basis, which

in turn consists of ordered combinations, or rather concatenations, of orthogonal
basis elements from a vector space. Each of these may occur at most once per
combination. The number of participating basis vectors specify the dimensionality

of the algebra basis element and is referred to as itgrade

One cannot ignore that established constructs as the complex numbers (o.1), the
quaternions ( o:2), the algebra of the Pauli matrices ( 3.0), or the Minkowski space
(space-time algebra ;.3), to mention the best known, all of whom can be identi ed

1



2 CHAPTER 1. INTRODUCTION

with a simple, i.e. low dimensional, geometric algebra (indicated in brackets). Each
of the quoted constructs possesses its own speci ¢ notation even though all of them
can be treated in a uni ed manner by means of GA. A similar situation holds for
the 3D-space with its scalar product and the vector cross product: in GA a single
operation encompasses both of the “constructs'. These then arise naturally insofar
as they re°ect the symmetric and anti-symmetric part, respectively, of this only
product. And it does so irrespective of the dimension, i.e. it generalizes to algebras
built on spaces with dimension di®erent from three. The portrayed product is of
course the algebra product - thegeometric product By the excess of information,
it follows that, not least from a sheerly geometrical point of view, the geometric
product must be reversible if one of its operands is still known. It is hence the
accomplishment of the geometric product that virtually all elements of the algebra
have a multiplicative inverse. As the algebra always comprises the vector space it
is built on, it can in particular be “divided' by a vector.

Clearly, every task may likewise be accomplished, in a way, by means of the standard
vector algebra. It may be permitted to say: “this is comparable to a pipe tter
who incessantly utilizes hammer and screwdriver, although, for example, the pipe
wrench in his toolkit beside him would be much more practicable." Since GA can
be regarded as a universal framework, problems should be modeled with it from the
beginning on. It is then still possible to make the transition to a suitable matrix
representation if a numerical evaluation is due. This is exactly the way chosen in
this work - no modeling option is abandoned before the time.

1.1.1 GA - General Things

The term 4 denotes the geometric algebra over an n-dimensional vector space
N 'n = p+ g equipped with signature (p;c) 2 ! 2. The latter will, however,
become of importance not before the next chapter. The dimension of the algebra

is then 2. Its elements are termedmultivectors, where it is fully sutcient to treat

a multivector as a vector from 2" as long as its respective algebra is known. The
components of a multivector comprisen+1 di®erent grades, each with a multiplicity
according to the n + 1th row of Pascal's triangle. By convention, the components
of a multivector are ordered according to their grade: one scalar (grade zeron
vectors (grade one) and the higher grades. Note that this one-to-one corresponds
to the quadruplet representation of the quaternions with basis 1 = (3;0;0;0), i =
(0;1;0;0), ) =(0;0;2;0) and k = (0;0;0;1). Hence, imposing the common order
1;i;j; k , multivector Kk, for instance, correctly re°ects the element of grade two.
Moreover, observe that just like for the complex numbers, e.g.z = a+ ib, a
number a can be added to a vectolib in a meaningful way. The simple relationships
can be looked up in many textbooks. Important for this work is as well that for
every GA there exists at least one matrix representation with real square matrices
representing multivectors. Building the geometric product simply amounts to the
matrix product. An illustrative example are the Pauli matrices (of size 4 £ 4 in
the real case): the identity matrix holds the scalar component. The Pauli matrices
themselves can be identi ed with the three vector valued basis elements of the
eight-dimensional Pauli algebra. The existence of the isomorphism between GA and
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its matrix representation easily reveals one of the most important and necessary
features of the geometric product - associativity. As a further feature its bilinearity
is to mention: consider the geometric product of two multivectors. Each component
of the resultant multivector can be expressed by means of a quadratic form being
linear in every operand. Hence numerically the geometric product can be given by
2" 2" £ 2" matrices. This is from now on being referred to as theensor notation
of geometric algebra. It is essential for the invocation of GA-external numerical
methods.

One of the most outstanding capabilities of GA is the possibility to do calculations
on linear subspaces. These are embodied by a special kind of multivector, so-called
blades These elements will clearly go on being linear subspaces, yet it is remarkable
that they can be used to represent non-linear geometric objects like spheres, circles
or the higher-dimensional generalizations of which. The inherent advantage of
blades is their nature as undistinguished elements of the geometric algebra. Thus
while doing calculations, for example in an algorithm, no workaround or special
treatment is necessary as it would be if these elements were to be parameterized
arti cially. Consequently, through the existence of the multiplicative inverse it
may be divided by subspaces in an uncomplicated manner, which on the other
hand enables a projection of subspaces onto subspaces.

Blades can be built by applying the outer product to (linearly independent) vectors.
The outer product is brie°y speaking the anti-symmetric part of the geometric
product. Irrespective of the dimension of the surrounding space, the magnitude of
a blade yields the area, the volume, etc. spanned by its forming vectors - hence a
generalization of the cross product. Furthermore, an orientation can be attributed
to each blade such that, given some point in space, it can be discriminated between
the inside or the outside of a sphere, to mention an example. The signi cance of the
outer product may further be justi ed by the fact that it can be used to intersect
subspaces.

1.1.2 Conformal Geometric Algebra

One of the most important chapters in this thesis deals with the conformal geomet-
ric algebra (CGA). This is basically the algebra of the "ve-dimensional Minkowski
space. Nonetheless, CGA amounts to more than the mere algebraic frame. Its
particularity is a non-linear embedding of Euclidean vectors from 2 into the pro-
jective conformal space 4! - in principle something that takes places even before
the actual algebra is built. The algebra over this space, in which 3 constitutes a
3-manifold, is astonishing closed and consistent in respect to the possible interac-
tions between the immanent geometric entities. The central element in CGA is the
sphere and its degenerate descendants, the plane and the point. Circles, lines and
point pairs, just to mention the known major objects, can then be obtained with
the help of intersections. But the outer product can equally by used to directly
create these elements from points: three (four) points yield a circle (sphere) unless
they are collinear (coplanar). In the latter case a line (plane) emerges. This is
remarkable compared to the e®ort necessary if a circle was to be determined from
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three points by means of generic techniques. Note that parameters such as radius
or center can e®ortlessly be retrieved using CGA expressions.

Even more than with the algebra of the projective space, CGA permits to e®ectively
work with “in nity'. That is because it exists a distinguished element which behaves
as and which can be associated with the point at in nity. The best example that
can already be given arises on replacing one of the points that de ne a sphere with
‘innity' - it results the unique plane incident with the three unchanged points.

In CGA geometric objects are equally geometric operators Multiplying object A
from both sides with object B corresponds to a re°ection ofA in B. With the sphere
as most general object in CGA, it can be inferred that the spherical re°ection - the
inversion - is the most basic operation in CGA. Note that by nesting re°ections in
planes, for instance, any arbitrary rigid body motion (RBM) can be carried out.
The multivector appertaining to the geometric product of the respective planes
then represents the compound operation. It is noteworthy that all objects can be
transformed in the same, above mentioned, manner. Especially, building the outer
product of transformed points amounts to the same as applying the transformation
to the outer product of the points, i.e. the object. The underlying vital aspect is
called outermorphism. It describes an inherent quality of GA, pursuant to which a
linear transformation of the whole indeed coincides with the linear transformation
of its parts - in contradiction to Aristotle.

It can nally be deduced that CGA gives access to the conformal group, with the
Euclidean group as subgroup. This circumstance is vastly exploited in the present
work.

1.1.3 A Vivid Entry into Geometric Algebra

Much was already said about the possibilities of geometric algebra. Thus the idea
is to render the so far vague and abstract notions somewhat tangible. But at the
same time it is intended to enlighten an aspect of particular importance. It relates
to another facet of geometric algebra, namelygeometric computing or geometric
reasoning In [64], for instance, some classical theorems in projective geometry
are proven. For the subsequent phenomenological considerations a pared-down
framework (of CGA), with bounded capabilities, is introduced.

In order to not obscure the reader some assumptions have to be made explitiby
the following axioms

2 Geometric objects, as points, spheres, planes, lines and circles exist and are
denoted by capital letters like X , P, etc.

2 Each geometric object, sayA, de nes its own equivalence class formed by all
scalar multiples, i.e. A~ , A,, 2 nfQg.

1But not vice versa
2]t follows an informal trimmed to t paraphrase of the geometric algebra of the conformal
space. This algebra is the subject of chapter 3.3.
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2 Let the juxtaposition, e.g. PQ, be a placeholder for a bilinear, associative
and non-commutative “geometric product' between the involved elements.

2 Suppose the elements considered here square to real numbers, typicaByl.
Spheres, in particular, are assumed to square t&? = r?, wherer denotes
the radius of the respective spheres.

2 If P denotes a plane, then a re°ectionA ° of any object A in the plane can
be expressed via the sandwich product

A% = PAP :

Intersection from Re°ection

One strength of geometric algebra is the ability to intersect geometric objects. It
was refrained from putting the intersection to the above axioms. Instead a (weaker)
concept of intersection is deduced in an informal but descriptive way.

Suppose the two planesP; and P, are perpendicular. The re°ection of P, in Py
must then result in P, again

Plpzpl, P2 0 P1P2P1/ PzI

According to the above axioms, the multiplication with P41 from the right results

in h i
(P1P2P1)P1 = P1P2P1P1 = P1P2(P1P1)/ P1P2 [/ P2P1

and hence
PiPy>/ PyPq: (1.2)
Let L = P,P4, then the e®ect ofP; and P, on L is
PiLP1 = P31(P2P1)P; PoLP 2, = Py(P2P1)P,
= PiP,P? = P2ZP:P;
| PiP; | PiP;
L ©L

with equation (1.1). L is invariant to re°ections in P; and P, and can therefore be
regarded as the line of intersection betweerP; and P».

Note that L is an operator at the same time since it describes two consecutive
re°ections. The operator L applied to any point X on L will give X again

LXL / X :

In general, a point X is located on a geometric objectA i® the point is invariant
to the sandwich product, i.e. AXA ~ X . This will become evident in chapter 3.

The derivation of the intersection of two planes can be done for di®erent geometric
objects in the same way. Hence another axiom is

2 The intersection of two perpendicular geometric objects,A and B, is given
by the product AB .

The prerequisite of perpendicularity will be abolished later on in this chapter.
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Spherical Re°ection

This example demonstrates that a spherical re°ection is possible, yet its main mes-
sage is the simplicity of reasoning; some elementary calculations and assumptions
lead to a profound result.

Consider a circleC in 3D - it can clearly be thought of as an intersection of two
spheres. Given one sphere, which coincides with the circle, the set of suitable
spheres to reconstruct the circle is endlessly big. The set also comprises a plane,
that is a special sphere with in nite radius, which actually is the circle's plane P¢.
Let S denote a di®erent set that contains pairs of spheres such that the intersection
between the respective spheres of each pair yields the circle. Each pair & for
which the constituting spheres locally intersect at right angles can now be taken to
build the (in nitely big) subset S, % S. There are at least two special cases ii$; .

2 One sphere is of minimal size the other one is of maximum size: the circle
plane P¢ intersected with the sphereSc whose center lies onP¢ yields C,
see gure 1.1. The radius ofS¢ equals the circle's radius.

2 Symmetrical case: both spheresS, and S;, have equal radius, see gure 1.2.

Fig. 1.1: Construction of the circle C from sphere and plane.

Because both cases ful'll the requirement of perpendicularity, the results of section
1.1.3 can be used and the circl&€ can be built in two ways

Csp = ScPc and Css = 5S;:

Note that, in the symmetrical case, each sphere can be replaced by the re°ection of
the opposite sphere in the circle's plane, for exampl&; ©~ Pc S| P¢. The following
calculation makes use of this fact. It starts fromC = [Csp / Css].

ScPc /' S1S; employ S; / PcS|Pc
ScPc I S (PcSPc) multiply by Pc (1.2)
ScPg | SPcS P

Sc | S/PcS sinceP2 2 by axiom

Besides, withS? 2, Pc / S;ScS) is implied. The feasibility of a spherical
re°ection has hereby been shown, though solely for the special setup in which the
center of S, is located onSc.
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Fig. 1.2: Construction of the circle C from two spheres.

Inversion

By the previous section it is known that the re°ection in a sphere can map a plane
to a certain sphere, and vice versa. It remains to show what happens to each single
point on the plane or on the sphere under spherical re°ection.

Consider two arbitrary lines L ; and L , passing through the centerN of the sphere
S, (naming as in section 1.1.3), compare gure 1.4. The new axiom of section
1.1.3 applies to the expression® 1 = L1S; and Q2 = L»S, because the lines are
perpendicular to the sphereS,. The Qs are the geometric objects, in this case point
pairs, which represent the intersection. For each point pairQ = LS, it follows

Q2 / 1 by the axioms
LS|LS, / 1 multiply with L (1.3)
L2S,LS, / L and consequently, withL22
S|LS, L:

The meaning of equation (1.3) is clear: the spherical re°ection inS; has no e®ect
on the linesL 1 and L », nor on any line perpendicular to S;. In conclusion, there
are two main observations regarding the spherical re°ection.

i) Each point on the sphere S¢ is mapped somewhere onto the plan®¢, and
vice versa.

ii) Each point on a line perpendicular toS; is mapped somewhere onto that line
again.

As a result, a point on the sphereand on the line maps to a point on the planeand
on the line. The fact that every intersecting line piercesSc two times complicates
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Sc=8P:S; . Se / Po=8150S1

Fig. 1.3: View along the planeP¢: the re°ection in the sphere S, mapsP¢ to S¢,
and vice versa.

matters. Nevertheless, all lines under consideration share a common point of inter-
section - the centerN of S;. In conjunction with gure 1.4 it is apparent that the
spherical re°ection mapsA; to Bj, i 2 f 1;2g, and vice versa. In order to see this,
assume thatN is mapped toB1: SINS, = B;. This would violate observation
ii) since N is an element ofL , at the same time and must therefore map toL , - a
contradiction.

It seems thatN is mapped to itself, i.e. S{NS | ©~ N . But this would, as described
in section 1.1.3, imply that N is located onS, - a contradiction again. Observing
that the distance from M to the points B increases while the corresponding points
A approach N leads to the hypothesis that N is mapped to a point at in nity.
This e®ortless result is con rmed in chapter 3.2 where the point at in nity "e; ' is
formally introduced.

It is noteworthy that the spherical re°ection of points, as discussed here, resembles
a stereographic projection. This fact is vastly exploited in chapter 8.

The spherical re°ection with the above properties is aninversion operation. The
inversion S; AS | of a point A in a sphereS,, called the inversion sphere, is always
de ned. This is evident because a scenario similar to the one in "gure 1.4 can
always be constructed. The inversion is the generating operation for the group
of conformal mappings, cf. chapter 3.3. Next, a re°ection in a plane simply is
the inversion in a particular sphere with in nite radius. By further noting that the
group of Euclidean transformations can be constructed from (successive) re°ections
it follows that every Euclidean transformation is a conformal mapping as well. The
inversion can therefore be considered the most important operation for this work,
for rigid body motions herein play a central role.

Finally, there are two more things worth noting

2 The inversion operation is aninvolution with respect to the equivalence classes
of geometric objects. The involution-property, commonly expressed as iden-
tity f (f (x)) = x, is easily veri ed by exploiting associativity

B = Si(SIAS|)S| = (SIS))A(S|S)) / A with S22
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Fig. 1.4: To the issue of how points behave under spherical re°ection. The illustra-
tion suggests a mapping fromA; to Bj, i 2 f 1;2g, and vice versa.

Hence A doubly subjected to the inversion in the sphereS, results in the
point B representing the same point asA, i.e. B~ A.

2 The successive application of basic operations, like inversion or re°ection,
leads to more complex operators. Self-evidently, these must equally be applied
via the sandwich product.

In conclusion, it has been shown that the limited framework utilized is already com-
prehensive, closed and meaningful. Profound and useful results have been deduced
from a handful of axioms in a descriptive manner.

1.2 Motivation Stochastics

Uncertain data occurs almost invariably, especially in computer vision applications.

It is hence a necessity to develop and use methods, which account for the errors
in observational data. Here the main aspects of and foundations for the parame-
ter estimation from uncertain data within the uni ed mathematical framework of
geometric algebra are outlined.

In general, the aim is to estimate a multivector representing a geometric entity from

a set of uncertain measurements. In the present case only point measurements,
mostly image points, are considered. Clearly, in order to approach the problem, a
mathematical formulation has to be found that relates the sought geometric entity,
which can equally be an object or an operator, and the observations to each other.
That is both have to satisfy a particular condition equation, which is referred to as
the functional model. Its impact on the actual estimation is decisive [73], whence
it should well re°ect the problem at hand. So one motivation for coupling parame-
ter estimation with geometric algebra is CGA. Its strength to express distances or
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incidence relations makes it possible to derive simple yet eligible condition equa-
tions. This does certainly not hold for all problems encountered in everyday life but
CGA smoothly integrates into many computer vision tasks as those addressed in
this thesis. Practical issues give rise to a further motivation: a suitable numerical
interface between GA and the estimation method, whichever one is chosen, has
to be found. This is where the tensor representation of CGA comes into play. It
gives numerical access to each component of any product or multivector. At rst
a parameter vector encoding the multivector which is to be estimated can be built
up. Likewise, each observation yields one vector. Second the tensor representation
allows for the handling of uncertainties, i.e. covariance matrices can be attributed
to the vectors. Next certain structural constraints on the multivector components
can be exploited which nally gives lean condition equations. The bilinearity of the
geometric product is advantageous in that it alleviates error propagation.

Because linear relationships, or rather linear condition equations, often arise in GA,
a parameter estimation method which particularly bene ts from this behavior is
employed. For the classical linear model the well-known technique of least squares
adjustment is proven to provide what is called the best linear unbiased estimator.
It is usually described by unbiasedness, minimal variance, consistency, etciency,
suzciency and robustness. Least squares, also known as tting, is generally char-
acterized by minimizing the sum of the squared residuals; these are the deviations
of the observations from the model. The term “adjustment’ relates to the redun-
dancy in observational data in that it emphasizes that the parameter estimation
should exhibit compensatory qualities, i.e. the impact of each measurement must
be weighted according to its respective uncertainty. Since the residuals can be con-
sidered corrections to the observations, adjustment equally means nding the most
likely observations. Least squares on the original observations, rather than incor-
rectly on derived quantities, is what the Gauss-Helmert (GH) model was designed
for. This linear model rounds the classical model out because it can addition-
ally account for conditions among the original observations. As a consequence of
this, it becomes possible to appropriately integrate uncertainty information into
the estimation process. As in many photogrammetric areas of application, the
Gauss-Helmert based least squares method is used throughout this work.

1.3 Motivation Pose Estimation

Self-localization de nitely is an important aspect for a moving robot. But it is to

no avail if the robot knows that it stands next to an abyss without having an idea of
the direction of the abyss. This explains why theposecomprises information about
position and orientation. These quantities relate to some coordinate system which
is, of course, di®erent from the one of the robot. Hence the pose corresponds to a
rigid body motion consisting of a rotational and a translational part. A robot can
infer its pose from many di®erent sources, that is types of sensory data: visual (im-
ages, laser scan), audio (ultrasound), haptic, odometric (observing own movements,
e.g. by tracking the revolution of wheels), etc.
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Almost all the vision applications proposed in this thesis do involve estimating a
pose/RBM. In all cases input data is drawn from images. Two strategies can be
distinguished because of their principle methodology: rst, the holistic approach in
which the global features of images are considered, for instance by a fourier analy-
sis, a principle component analysis or a radon transform. In this way, the complete
image information can be reduced, worked up and nally rearranged so as to have
a small-sized, uniform and thus comparable image representation. Sampling the
environment gives a topology map, which can afterwards, at navigation, be used
to estimate the pose. Second, the analytic approach where local image features are
used. These are typically points with a non-zero intrinsic dimension, i.e. places
where areas form noticeable edges, corners or junctions. Likewise, lines, line seg-
ments, possibly disconnected curves, image patches, point sets, histograms or more
generally probability density functions, and so forth can be taken as features. Here
the second approach is pursued using point or line features.

Doing pose estimation implies to be aware of the environment. Hence the robot
must have a map with suitable landmarks which it can recognize in the images. If
the perception focusses on points and lines, the landmarks must equally be point-
and line-like, respectively, otherwise it becomes dixcult to establish the connection

between the 3D-world and the retrieved image features. Hereafter, it is referred to
the "map’ as the object modelso that pose estimation can be condensed into one
sentence: rigidly moving an object in 3D such that it comes into agreement with

2D-sensory data from a vision system, is called 2D-3D pose estimation.

Note that pose estimation is not restricted to the customary pinhole camera model.
In this thesis, special attention is payed to omnidirectional vision, where the role
of the inversion is substantial. It turns out that CGA is particularly useful for
modeling imaging independent of which kind of vision system is used. This is
because its elements ideally match the needed components.

1.4 The Thesis

At the beginning geometric algebra is derived from scratch by considering only
three axioms. Studying products involving more and more operands the compu-
tational abilities of GA disclose stepwise. This rst part is strongly connected to
multilinear algebra; the fundamental part of determinants is elaborated. Know-
ing the foundations, the tools of the trade for e®ectively working with GA are
made available. These "basic concepts' and relationships are most important for
understanding. The last part of chapter 2 deals with more sophisticated aspects of
geometric algebra and should not be regarded as optional because some vital ideas,
like those connected to the dual operation, are explained.

The next chapter represents an investigation into conformal geometric algebra. It
unveils in particular the geometrical streaks of CGA, and it clearly gives the answer
to the question "Why geometric algebra?'. It is eligible to say that the CGA chapter
makes up the e®ective core of this work.

It starts with constructing CGA, thereby elucidating the notion behind the confor-
mal space. After that, the algebra basis and the products over which are listed in
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tabular form. Then a wide selection of geometric entities, which are at the same
time the here most often used CGA elements, are presented. For each entity, be it
an object or a pure operator, the de ning CGA expressions, geometrical issues and
interrelations with other entities are detailed. This comprehensive repertoire has

proven itself most helpful many times.

The principle of pose estimation as used in this work is introduced in chapter
4. Thales' theorem is made use of to model a pose estimation based on three
feature points. This purely geometric problem is formalized employing CGA in a
very illustrative manner. Touched are important issues like "tting, outermorphism,
constructing rigid body motions by composing re°ections, subjecting a circle to an
RBM and the multivector valued di®erentiation so as to apply the Newton-Raphson
method to a CGA expression. Besides the fact is exploited that both, the conformal
group and the related Lie algebra, are elements of the conformal geometric algebra.
Moreover, the connection between group and algebra can simply be modeled by
invoking the exp/log map of the corresponding multivectors.

Parameter estimation in general and the technique of least squares adjustment
assuming the linear Gauss-Helmert model in particular is the subject of chapter 5.
In the beginning there is a survey of the di®erent parameter estimation approaches.
It shows the connections between Bayesian estimation, speci cally the maximum
a posteriori estimation and the maximum likelihood estimation, and the method

of least squares. The latter is then formally and intelligibly derived, including

concerns as linearization. After reporting the basic varieties of observations that
may occur, the Gauss-Helmert method, which simultaneously allows for di®erent
kinds of observations, is described in detail. The chapter ends with a presentation of
the GH-method as is underlain the parameter estimation of the subsequent chapters.

In chapter 6 it is delved into several vital aspects of geometric algebra. It is about
the matrix representation and the tensor representation of GA. The latter is used to
derive a concept of error propagation specially tailored to the geometric product.
It allows for the possibility to propagate uncertainty information in the form of
covariance matrices for every thinkable GA expression. Likewise, expectation values
can be treated. This is vastly exploited in chapter 8, where pixel observations
with initially independently and identically distributed error are subjected to a
transformation that somehow mimics the inverse omnidirectional imaging process.
The uncertainties belonging to the new "pseudo’ observations have to be evaluated
using error propagation so as to comply with the least squares principle.

The next chapter is essential in more than one sense: it shows in three main sections
the necessary basics for coupling conformal geometric algebra and the numerical
back-end - the GH-parameter estimation - via the tensor representation of GA.
Next, it provides the key ideas for realizing pose estimation in this joint framework.
By means of three examples, i.e. "tting a circle to a 3D-point-set, estimating the
RBM between two 3D-point-sets and eventually the perspective pose estimation,
the foundations for chapter 8, which takes the pose estimation to the omnidirec-
tional case, are laid. Particularly, it can be seen how uncertainty information,
initially attributed to the observations, integrates into the estimation and eventu-
ally in°uences the outcome. The overall approach proposed in this thesis is nally
justi ed for each of the three examples through experimental results.
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Omnidirectional vision has recently become very popular, but regrettably primarily
on account of surveillance. However, robot navigation has pro ted similarly strong.
The related image formation can often be modeled using a parabolic mirror. After
a while it became obvious that imaging is comparable to the one in the pinhole
camera model, albeit an inversion has additionally to be introduced. Combining
projective geometry with an inversion operation seems to prescribe the usage of
conformal geometric algebra. Hence three of such problems are addressed in chapter
8. First, omnidirectional imaging is formalized using the expressiveness of CGA.
Special attention is also given to images of world lines. Pose estimation from the
previous chapter is then adapted to omnidirectional vision systems. Speci cally, a
variant with point features and a variant with line features is studied. Experimental
results are presented for each of the two scenarios. The last area of application deals
with the epipolar geometry in omnidirectional vision. It emerges considering two
vision sensors $ cameras) at the same time, or equally one moving sensor, by
inquiring into the pixel-wise relationships between two images taken at di®erent
positions. In short, an epipole is the (theoretical) image of the optical center of
another camera. The “stochastic epipole estimation' focusses on this aspect: CGA
is used to set up conditions relating two pixels from two images to one another.
The resultant parameter estimation is again a pose estimation, but in an indirect
manner. Elaborate experiments were conducted to provide evidence of the accuracy
of the estimation.

Chapter 9 gives the conclusion.

Appendix A contains several de nitions of the most important terms from linear

algebra, a number of rules, identities and remarks that apply to the as well im-
portant commutator formalism, some proofs separated from the main text and a
collection of useful formulae relating to conformal geometric algebra.

Parts of this work have been published in [41, 42, 43, 44, 45, 95, 96, 109].
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INTRODUCTION




Chapter 2

Geometric Algebra

The beginning is a tale of a mathematical success story ...
Historical note

The quest for a mathematical language suitable to express geometrical re-
lationships in an algebraic way can be traced back to the ancient Greeks:
it was Euclid with his seminal work 'Elements' in the 3rd century B.C.
who rst wrote down geometrical laws for a world as he perceived it.
It took a long time, until the eighteenth century, that mathematicians
caused a furor by discovering geometries distinct from the Euclidian
one. The predominant task was then to nd an algebraic framework
which would unify all di®erent geometries...

Inspired by the algebra of complex humbers, which allows the division by
a vector, William Rowan Hamilton (1805-1865) was preoccupied with a
generalization to three dimensions: he had been trying to nd a reason-
able way to multiply three-dimensional points for a couple of years, in
such a way as to allow division. Finally, on 16th of October 1843 Hamil-
ton discovered the numbers later called Quaternions. Considering an
anti-commutative multiplication and the idea of using four dimensions
instead of three were the crucial factors making his nding possible.

At that time, another pivotal question was how best to represent rota-
tions in 3D. Here Quaternions emerged as a very clear to handle and
very ezxcient way for carrying out rotations and are still in use today.
Despite the then positive impact the role of Quaternions diminished with
the introduction of the more straightforward vector algebra of Josiah
Willard Gibbs (1839-1903) in the 1880s. The framework promoted by
Gibbs is basically the classical vector algebra being taught high school
students nowadays; it distinguishes between the scalar product and the
vector cross product. The Quaternion product, in contrast, combines
both of them. Eventually, the Quaternions were, due to Gibbs's estab-
lished reputation, displaced by his hybrid vector algebra.

The probably most important step towards geometric algebra was taken
by the German mathematician and schoolteacher Hermann GAinther

15
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Grassmann (1809-1877). In 1844 he composed his Ph.D. thesis 'Die
Lineare Ausdehnungslehre', in which he introduced an outer product be-
tween vectors as a generalization of the idea of the cross product. His
product is anti-commutative, too, but it is associative and its result is
neither a scalar nor a vector, it is a new mathematical entity encoding
an oriented linear subspace of arbitrary dimension (bounded by the num-
ber of involved vectors or by the dimension of the superordinate space).
In this way Grassmann was able to overcome the limitations of the cross
product, which only exists in three dimensions. His work, however, was
rejected as it was too innovative for its time.

Neither less important than Grassmann and the driving force behind
the development of geometric algebra was the English mathematician
William Kingdon Cli®ord (1845-1879). He was one among the few who
had understood Grassmann and it was his stroke of genius to realize the
potential within it. Recognizing signi cant overlaps between the concepts
of Grassmann and Hamilton it was henceforth his ambition to unite the
two frameworks into a single structure. In the 1870s, Cli®ord established
his algebra later to be known as Cli®ord algebra. He originally used the
name geometric algebra since he understood geometry to be inherent in
that algebra. His naming partly was a concession to Grassmann, too,
attributed to signi cant parallels between their products. Cli®ord's geo-
metric product extends Grassmann's outer product by an inner product.
Just like the outer product the inner product can be applied to elements
of any dimension. Both products can be considered antagonists as the
outer product raises the dimensionality of the result, whereas the in-
ner product reduces it. In Cli®ord's algebra elements of any type, i.e.
scalar, vector and higher-dimensional elements, can be added or multi-
plied together. Much of its power arises from the possibility to divide
by a vector. Moreover, it exists a certain meaningful class of higher-
dimensional elements by which can be divided as well.

Regrettably, Cli®ord algebra had to su®er the same fate as Quaternions.
In the follow-up time the geometric strength of Cli®ord algebra was lost
sight of and it was at best utilized as formal algebra, e.g. in physics.

In the 1960s a rediscovery of geometric algebra was initiated by the
American physicist and mathematician David Hestenes (born 1933).
During his study of quantum mechanics he found what had been com-
pletely overlooked all along: physicists had implicitly been dealing with
Cli®ord algebras in the guise of matrix algebras over the Dirac and Pauli
matrices. Hestenes then showed that Pauli and Dirac algebras have a
geometric meaning which had notable consequences for the physical in-
terpretation of quantum mechanics. After observing that the common
but patchwork-like cousage of Gibbs's vector algebra with the matrix al-
gebras is unintelligible and redundant, Hestenes was able to reformulate
guantum mechanics expressions in terms of the coherent language of
geometric algebra. He nally came to the insight that Cli®ord algebra
is nothing less than a universal language for mathematics, physics and
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engineering.

Today geometric algebra is interdisciplinarily acknowledged and being
used in a multiplicity of applications over a wide range of elds.

Note that the term “geometric algebra' is to be preferred to "Cli®ord algebra’ when-

ever the geometrical facets of the algebra come to the fore. The term "Cli®ord
algebra' is advisable whenever the focus is on the formal character or use of the
algebra. Although this applies to section 2.1, Cli®ord's original choice of name -

‘geometric algebra' - is adopted throughout this work.

As indicated in the historical note before geometric algebra is a powerful and uni-
fying language being used in many mathematically in°uenced areas of research or
application. A clue what geometric algebra can render was already given in section
“A Vivid Motivation for Geometric Algebra'. Compared to the whole range of ap-
plications, for example, in physics, the contents of this work is virtually minuscule.
Anyway, by the following sections is intended to convey the adequate understand-
ing of GA. It is begun with an axiomatic derivation. Next the key aspects of
geometric algebra are enlightened. This mainly includes the relationships between
the products of GA. The section thereafter seeks to enlarge upon this basis. It
is supplementary and contains several interesting identities and de nitions which
sometimes go somewhat beyond the prerequisite of this work.

2.1 An Axiomatic Derivation

Here a comprehensive discussion of geometric algebra is given. At rst, some basic
concepts as the algebra basis and the geometric (algebra) product are gradually and
not that much formally introduced along with the respective notation. Readers who
are not new to geometric algebra should at least skim over the introductory part
in order to get the notations. Some of the underlying algebraic basics can be found
in the appendix A.1 at page 235. The picture given of the algebra is then to be
re ned with the help of the algebra formally de ning axioms. Next, the approach

of Hestenes and Sobczyk [63] can be followed in that the two most important
products, that is the inner and the outer product, are derived from the geometric
product. Starting from this level the full geometric algebra is constructed.

For a complete understanding of GA the vintage book of Hestenes and Sobczyk
[63] or the cutting-edge book of Dorst [23] is recommended. While the setting of
the former is more physical, the latter approaches engineers and programmers.

Consider the canonical basis P9 of the quadratic spacé ! P9 consisting of the
n = p+ q basis vectors

with the scalar products

e10€e; = €e0ey=::=¢gnue =1

1The quadratic space 9 may henceforth be referred to as vector space 9.
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and
€p+1 D€p+1 = €ps2 B€pip = I1i= €pBey, = j 1

The pair (p; g is called signature and speci es that p (q) basis vectors square to
+1 (j 1). Beyond that it is possible to include basis vectors that square to zero,
which would result in a degenerate algebra The number of basis vectors squaring
to zero is typically denoted with r, and the corresponding signature would be the
triple (p;q;r), cf.  P9'. However, a degenerate algebra can always be embedded
into a non-degenerate but larger algebra such that all basis vectors are mutually
orthogonal. Luckily, the problems dealt with in this thesis lead to non-degenerate
algebras only.

Note that in the remainder of this text, only "nite-dimensional non-degenerate
algebras over the reals are taken into account.

By the next couple of pages it will become apparent that! P9 can be used to
construct the algebra basis, denoted byl ., of the respective geometric algebra
p.g- Roughly speaking, any possible combination of elements; 2 ! vyields one

basis vector in! ,.q. The "'empty’ combination, in analogy to the element; denoting
the empty set in a power set, has no vector parts and the corresponding algebra
basis element therefore represents the scalars. It is commonly introduced &g := 1.
An intelligible way to state the algebra basis is

© 2 © a
"pg= € [ e€,::€, ] 1 ii<ig<m<ir-nm 1-r-n (2.2)

The cardinality of ! ,.q and so the dimension dim( p,q) of the algebra isj! p.qj = 2"
because the sum over alh + 1 possible r-combinations results in

o BT
. _ n" _ _n.
dim( pq) = =2":
r
r=1
The de nition of ! ., reveals that
 pg Yo ! P

A case in point is the basis of the geometric algebra 3 (trailing zeros, e.g. q=0
in P4, will be omitted from now on) of the 3D-Euclidean vector space 2 with
basis! 3= fe;; e esqg

'3 = f1; e1; ez e3; e1€z; e1€3; €2€3; €1€2€30: (2.2)

The elements of! 4 are called ordered basis blades In order to work with basis

ordered basis blade

e = e,6,: .6, with i1<is<:i:<i,
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is de ned. The notation j j denotes thegradeof e and yields the number of basis
vectors incorporated ine . Clearly, the grade ofe = eje; is 2. Expressions like
e, e, :::ej, may henceforth be abbreviated toe;,j,:i, .

Consider the arrangement of the basis in equation (2.1) or equation (2.2). In the
“rst place, the elements are sorted according to their grade. Within groups of equal
grade the ordered basis blades are in a lexicographical order with respect to the
indices. This enables the identi cation of basis blades by means of a consecutive
numbering. The i th element, 1- i - 2", of ! nq Is referred to asE;, so

The elements of" .4 are calledmultivectors. They are linear combinations of basis
blades. Multivectors? will be symbolized using bold capital letters

X
A = ., € , 2"
UN
or expressed in thenumbered basis
XI’]
A = S Ei; S 2"
i=1
More special elements are -vectors. They are linear combinations of basis blades
of a particular grade, say of gradek. The - -vector A[k] can thus be written
X
Ay = . e , 2" (2.3)
i =k
A naming convention distinguishes- -vectors according to their grades, viz.scalar,
vector, bivector, trivector and quadvector For " 3 the basis can be subdivided into

b= Ty S Pz Pi2i &0 ey PrBpeg

scalar vectors bivectors trivectors

The basis blade of highest order is calledinit pseudoscalarand is denoted byl . It
is of speci c importance in algebraic reasoning comparable teg, the representative
of the scalars. The unit pseudoscalar of 3, for instance, isl = ej23. The common
notation and notion of a vector, symbolized by small bold letters, is kept

Note that a 2 " P9 % " .

In the following it will be enlightened why basis vectors can be ‘lined up' to form
basis blades. It is, as probably expected, the tacitly used geometric product that
ties the vectors together.

%In some publications multivectors are termed “Cli®ord numbers'.
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2.1.1 Deriving Geometric Algebra

The algebra product is the already in the historical note at page 16 mentioned Clif-
ford product and is named geometric product. It will now be used to axiomatically
develop the entire geometric algebra as indicated above from a vector space”9.

The geometric product is declared in terms of only three axioms. A juxtaposition of
elements, i.e. the omission of any operator symbol, denotes the use of the geometric
product. Let a;b and c be three vectors of P9, The axioms are

1. Associativity

a(bc) = (ab)c (2.4)

2. Distributivity
a(b+c) = ab+ ac (2.5)

3. Quadrature
a2 (2.6)

The third axiom has to be given the most attention since it accounts for the dif-
ferences between a general associative algebra and a Cli®ord algebra; it makes up
the geometric algebra. However, a certain amendment to this axiom will have to

be done in order to comply with the characteristics of the underlying vector space
P

Consider the square of a vectoma + b
(a+b)? = (a+b)(a+hb) = a?+ ab+ ba+ b?: (2.7)

By the third axiom it can be deduced that the expressionab + ba must be a scalar
because
ab+ba = (a+b)?j a’j b? 2
Such class of symmetric expressions lends itself to a decomposition into the two
parts
ab = l(ab+ ba) + i(abj ba);
plo0C 2) * plaby ooy
afFb a1€ b
which is nothing but the common splitting ab = aEb+ af b of a product into the
anti-commutator product (denoted by £ ) and the commutator product (denoted by

£), respectively. Section A.2 in the appendix details the rules and usage of these
important products.

At this point the symmetric inner product, denoted by €,
atb = Z(ab+ ba) (2.8)
and the anti-symmetric outer product, denoted by ™',

a”b = i(abj ba) (2.9)
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are de ned. The symbol ™' for the outer product is called ‘'wedge'. Hence the
geometric product of vectors can be written as

ab=ac¢b+a”b: (2.10)

Inner and outer product are distributive with respect to addition. This property
is inherited from the geometric product and can be shown with the help of the
commutator notation. Another obvious result is

atb = b¢ta and a~b=jbra =) a"a=0:

The inner product bears its name well: it is symmetric, distributive (bilinear) and it
maps to the scalars. But it must be considered that it might be inde nite. Equation
(2.8) is closely related to the third axiom as it can be followed that

a? = ata:

In conjunction with the approach of equation (2.7) the consistency of the inner
product with the geometric product can be shown

(a+b)ta+b) = (a+h)?
0 ata+2atb+ b¢h = a?+ab+ga+b2: (2.11)
0 atb = 1i'ab+ ba

Nevertheless, any symmetric bilinear form would ful Il the above equations. At
the same time, the geometric product and likewise the geometric algebra are yet
in an undi®erentiated state due to the lacking connection to the underlying vector
space P, This begs the question whether identifying the scalar product with the
inner product is possible. Consider the inner product of two vectorsa and b, this
time in terms of their basis ! P9, Using the anti-commutator and the axioms of the
geometric product it is

ath = (aje1+ axex+ :::+ anep) ¢(ney + bpex + ::: + bhep)
aibi(e; ¢eq) + axhp(ez Cep) + :::+ anhy(en Cen)

which is much the same as for the scalar product

arb = (aje;+ arer+ :::+ apey) o(ber + per + iii+ bhep)
aiby(e1mer) + azlp(ezmer) + 111+ anbh(en mey):

The characteristics of P9, especially the signature of which, can now be passed on
to the geometric algebra by means of a reformulation of the third axiom

3. Quadrature
a’ = ara (2.12)

Notice that just like in equation (2.11) it follows that aEb = a o b, which is, in
concordance with the de nition in equation (2.8), equal to a ¢b = aw©b. Itis
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further important to bear in mind that the inner product and the scalar product
only coincide whenever the product of pure vectors is considered. Later on in this
text the inner product will be de ned for general multivectors, too.

The geometric product is still not completely de ned since the outer product in
equation (2.10) remained unde ned. Regarding this issue the inner producg; ¢e;,
i 6 j,is analyzed in detail

i ¢

e6e =) ee +ee = et = ereg =0:

NI

There are principally two distinct solutions to the above equation

1. ee =¢ee =0

2. ee =i ee60.

The rst case impliese; * ¢ = ¢ * e = 0 and would therefore lead back to the
(trivial) standard vector algebra of P4, in which no elements of higher grade could
be built. Moreover, the "rst axiom of associativity would be violated 3, for example

0= elfe ezg = ﬁe el? e, = 8e, (violates associative law)

0 §1

The second case impliegie; = e~ ¢, i 6 j,ande; " e = | ¢ " €. The far-
reaching consequence is thagje; denotes a new and irreducible element that does
not belong to P9 any more. Hence in selecting the second (non-trivial) option the
geometric product of two basis vectors becomes

8
3 +1; 1. i=j
ee = 5 i 1; p< i=j - n : (2.13)

i €€ i 6]
It splits into outer product and inner product, respectively, in the following way

0 i=j
e e = and e Cg =
eej; else 0; else

e =]

By multiplying together the basis vectors of P9 a set of exactly 2' linear in-
dependent algebra elements can be found. With the help of the “swapping rule'
eie = i ee from equation (2.13) the set can be arranged in concordance with
the de nition given in equation (2.1). In this way the entire algebra basis! pq is
generated from! P9,

Note that basis of p.q is certainly not comparable to a customary vector space
basis since its elements can not be chosen to be mutuallgrthogonal, especially
not in case of the geometric product: the product ofe; and ej»3, for example, is

3The same argument prohibits that eje; 2 nf0Og, i 6 j.
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e1e123 = (e1e1)ex3 = ep3. The elementsin P9and 4 share at least one common
property - they square to § 1:

2 _ _ — . a2.2.:2 ..
el = (e1exe3)(ereze3) = ejeqezereres = | efeses 2 f+1; 19

In summary, the entire geometric algebra has been derived from the three axioms
(2.4), (2.5) and (2.12) in conjunction with the quadratic space! P9. In some con-
structions of geometric algebra it is additionally required to have a linear map
(inclusion map) i : ! P94 1 ., for the embedding of! P%into ! 4. Here the
existence ofi is implicitly assumed and not made explicit becausée P9 can be con-
sidered a linear subspace df p,q. A vector a 2 ! P9 s therefore embedded intd q
the moment it gets involved in a calculation that makes its embedding necessary.
The usage of lower case letters for vectors is, in a manner of speaking, a notation
to indicate that the grade of the element equals one - higher order basis blades are
zero.

2.1.2 On and beyond the Products

Here the aim is to work with the currently known products in order to gain insights
into their functioning and about their meaning. At rst, the outer product of two
vectors is examined in some detail.

Let a and b be two arbitrary but linearly independent vectors. By exploiting the
bilinearity of the geometric product it can be seen that

)
A _
a (®a+_b) /| a™b ®; 2! nfOg
b ~ (®+ b)

is still, up to a scalar factor only, a” b. Hence moving the operands and b within
the plane spanned by them leaves the outer product basically unchanged, which
is why a ™ b re°ects the linear subspace(plane) fp = ® + bj®; 2! g. Self-
evidently, this idea will be reinforced later on in section 2.2, when the necessary
concepts that are to be developed here will be available.

The subspace stays the same as long as the linear transformation of the constituent
vectors is regular (invertible). Consider, for instance, a transformation with matrix
A2l 2£2

" #
a® = (Ana+ Axb) with A = A A
B = (Apa+ Apb) A1 A
According to equation (2.39), on page 46, it is
a% p° = det(A)a” b: (2.14)

Thus the outer product remains exactly unchanged i® the determinant of the trans-
formation matrix is one. The set of realk£ k-matrices satisfying this criterion forms
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A r=b-a

Fig. 2.1: Preservation of the outer product: itisa” b = p” (p+ r). Note that
the shear is area preserving.

a Lie group, the special linear group SL(k). Figure 2.1 may serve as an example;
The equality of a” b and p * r can be seen with

¢
pA(p+r) = pAr = 'a+ (bia) ~(bia)y 2
= a”™bj ,bMaj ,a”b
= anh: (2.15)
The respective transformation matrix A for p and r reads
" #
i, i1
A= ; and det(A) = 1:

1

5

It will shortly be shown that a ~ b may also be regarded as amrea element

Note that the subspace representation is independent of the inner product, that is
the result of an outer product is invariable regardless of the signature chosen for
the algebra.

It is also helpful to look at the outer product in terms of its coordinate repre-
sentation. Leta = aye;1 + aex + i+ ane, and b = e + bper + i+ byen.
Then

a™b

(ai1€1+ axex + 111+ anen) N (ber + pex + 11l + bhen)

(aihp i azby)erer + (arhs i ashy)eres+ :::

+(aghs i aghp)esez+ iii+(@n; 1bhi anbnj 1)en; 1en:

The coezcients exhibit the same structure as those ones that appear in the vector
cross product for n = 3 or in the determinant of a 3 £ 3-matrix, respectively.
Following the notion that there is no predominant orientation in ", it will now

be shown that the Euclidean norm of the coezxcients is invariant under coordinate
rotations. Lagrange's identity®

A 1A ! !
RS X0 X0 X0 2
(@b i ah)? = a? B ayhy (2.16)

i=1 j=i+l k=1 k=1 k=1

“Indeed, in 3 the expression (a * b)eseze; is equal to the vector cross product.
®Lagrange's identity is a special case of the Binet-Cauchy identity (2.45).
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perfectly suits to this task. Let a=[ajaz::: an]T and b=[biby::: h1]T denote the
vector representation ofa and b, respectively. The right side of equation (2.16)
then reads @ a)(b"b) i (a'b)2. Also, let R 2 ™" be an appropriate rotation
matrix with RTR = I, ( I, denotes then£ n-identity matrix). Hence substituting
the rotated versions Rd and "'Rb' into Lagrange's identity (2.16)

(@'R"Ra(b'R'Rb); ('R"Rh)? = a'ab'bj (a'b)?

demonstrates that the choice of the coordinate system does not a®ect the Euclidean
norm of the coexcients in the outer product a » b. This result is well known to
hold for the vector cross product as well.

Example 2.1 (Magnitude of an area element in n):

Along the above lines it is possible, in ,, to align the coordinate system with
respect to the problem at hand: leta = ae; and b = bcospe; + bsinpe, so that
K2 [0;¥] is the angle betweena and b. Computing the outer product yields

a"b = ae;” (bcospe; + bsinpey) = absinpers; a,b>0:

Sincees; is a (unit) basis blade in that it squares to j 1, the only coezcient absinpu
must be considered the magnitude of the outer product. Consequently, the magni-
tude of a ™ b re°ects the area inside the parallelogram spanned by and b.

A more fo&r@way to der'WeLhe expression for the magnitude is worth mentioning.
Leta= alaandb= b'b. Using the familiar formula a"b = abcosp from

Euclidean geometry the term (a' b)? in the matrix notation of equation (2.16) can

be replaced with a?k? cos i, whence it follows

a’t’i a’codp = a’P(1i cosy) = a’ksin’u:

This again suggests the termabsinpu for the magnitude of a ~ b.

Notice that the previous result does in general not hold for non-Euclidean spaces,
i.e. spaces with mixed signature, as the inner product does not any more re°ect
the concepts of distance and angle. The aspect of the magnitude appears again in
section 2.3.2.

Although the magnitudes of a * b and
b~ a are identical itis b”a=ja” b.
In analogy to vectors, wherea is no
way the same asj a, b a is called
the oppositely oriented element toa” b.
Hence anorientation is additionally at-

tributed to the outer product. Even

though in principle arbitrary the ori-

entation is typically introduced as de-
picted in gure 2.2: it arises from ex-
tending vector a along vector b. Hence
it complies with the right-handed vector
cross product.

Fig. 2.2: The area of the parallelogram
re°ects the magnitude of the outer prod-
uct a” b. Its orientation is indicated by

the counterclockwise arc.
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e

[~ €1 /ey

-

ey

. { -
| -~

feg ) AR S [Zed) howy

Fig. 2.3: Four identically oriented unit cells. The notion of orientation complies
with the outer product since e1 ™ e is identical to ex”j €1, e1”™j ex andj ex” eq.
All cells exhibit the same orientation.

Figure 2.3 illustrates that the chosen rule to determine the orientation is sound in
that it is consistent with the bilinearity and anti-symmetry of the outer product.
The (thought) extension of | e, along ez, for example, induces the same orientation
as all remaining unit cells that are equal toe; * e,. This notion of orientation can
be generalized to higher dimensions. Interestingly, orientations are identical if their
respective “constructions', which arise from successively extending the elements
along each other, are congruent.

Recall now that the geometric product is associative. The respective axiom is
succinct and unobtrusive but it has profound implications: consider the product
ab of two vectors. A right-multiplication with b results in abb = ab? = | a, with

, = b2 2 . Wheneverb is not a null vector, i.e. b2 = 0, it is possible to de ne the
inverse of a vectorby setting

b
? ’
As a consequence, the multiplication ofa with b can be undone andh is reobtained
with

bil= b’60:

(ab)bit = a(bb t) = a:

The above result is now being used. Let, at rst,x and n be two linearly indepen-
dent vectors of the Euclidean geometric algebra ,,. Without loss of generality it
can be assumed thain? = 1. From the identity x = xnn the following decompo-
sition of x arises

X = ﬁx_g]lr} +(x"An)n: (2.17)

Since, in the case of vectors, the inner product is identical to the scalar product, it is
known from Euclidean geometry that the rst term ( x ¢n)n must be the projection
X of x onto n. Therefore

(X"nN)n = Xj X = Xo (2.18)

represents the part ofx perpendicularto n. SinceXx resides in the planex » n,
spanned by x and n, x, does so as well. This may also be veri ed by right-
multiplying equation (2.18) with n

X"N = Xo,n = X, *n with x, ¢h =0:
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P={a|la-n=x n}

g

Fig. 2.4: Invertibility of the geometric productin  n: the function F (x) = xn is a
bijection. Possible preimages ok ¢h and x * n alone would be the planeP and the
line L, respectively. Hence, on their own, inner and outer product are not injective
and therefore not invertible.

Equation (2.17) shows thatx, can be retrieved fromx ~ n for given n. Besides, the
remaining part x, of x is encoded in the inner productx ¢n so that the geometric
product xn , in contrast to the scalar product or the vector cross product, does not
discard any information contained in x. Figure 2.4 illustrates the connection to the
invertibility of the geometric product.

Remark (null vector)

Regarding a non-null vector there are two distinct directions: parallel
to the vector and orthogonal to the vector. This is di®erent for a null
vector. Consider the two-dimensional subspace spanned by the null
vector n and another vectorx. For simplicity, let x = e;andn = e1+e;

with €2 = +1 and €3 = | 1. It can be shown thatd = ®.e; + ®e,,
®;® 2 , must be a scalar multiple ofn in order to have (x + d) ¢n =
X ¢n. So

(x+.,n)"n = x"n and (x+,n)¢n = x¢n;

for some, 2 . Hence algebraically, the direction parallel to the null
vector is the orthogonal direction at the same time.

Example 2.2 (Re°ecting in n):
In the vector space " are®ection of a (column) vector x in the (nj 1)-dimensional
hyperplane de ned by the unit vector i may be expressed in terms of a multiplica-

tion with the Householder matrix H= 1, 2AAT, wherel,, denotes then£ n-identity
matrix. The underlying principle is to subtract twice the parallel part x, = AATx.
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Return to the x and n in : using equation (2.17) a re°ection ofx in n therefore
amounts to

Xi2¢ = jXeén)n+(x~n)n
= j(nex)nj (nMx)n
= jnxn ;

where the distributive law as well as the commutator properties of the inner and
outer product were used. Observing that

nxn = j (Xi 2X) = i X+ X2 | 2K) = Xii X2 = Xj 2Xo

reveals that nxn corresponds to a re°ection in the vectorn itself.

Aside: It should not be overlooked that the re°ection, as introduced in the mo-
tivating section 1.1.3, can in e®ect be expressed in terms of a sandwich product.

Under the assumption of being in a Euclidean algebra ,, it was previously supposed
that x, = (x ¢n)n is orthogonal to x>, = (Xx ™ n)n. It is now being veri ed that
this holds in algebras p.q with mixed signature as well. It can be assumed that
“,7 2f+1;i 1g, unlessn is null (or zero). Let, as before,x and n be linearly
independent. Subsequently, the orthogonality ofx, and x» is checked by means of
the inner product.

n2=

X €X 7 (>§¢n)n ¢(x A n)n; . Let°:=(x¢n)2

Len(x~An)n+(x~n)n°n
3
= °%3 nz(xn i nx)n+"3(xn j nx)

N

nx “j “xn + " xn i nx
3 ,

on| ©

— nNX j XN +Xxn j nx
4
= 0

Later on, it can be shown that (n * x)n equals {1 ¢x)n if n is a null vector. It
demonstrates that in such cases no reasonable decomposition of a vector exists and
that a re°ection in a null vector via nxn is not possible - the result would be
linearly dependent onn: nxn =2(n ¢x)n

2.1.3 Generalizing to higher Dimensions

Here the focus will remain on the inner and outer product. Previously, many

properties of these products have been derived, mainly based on vectors. The
guestion to be answered now is how inner and outer product have to be generalized
such that more complex expressions, which comprise a couple of vectors, can be
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built. Clearly, this will immediately require to lay down precedence rules for the
operations. In terms of the axiomatic derivation the aim is to accomplish the
generalization by postulating as few as possible. So, in other words, the aim is
to logically deduce the generalization from a minimal number of requirements.
Necessarily, these requirements must be downwards compatible with the product
properties derived in the preceding part of section 2.1. The rules for the outer
product of k > 2 vectors, for example, must comply with the already stated rules
for the outer product of only two vectors. The subsequent text gives a rst clue as
to the principle that might underly the generalization.

Extending the Products to three Vectors

Let a third vector ¢ come into play. It is always allowed to split a geometric product
into a commutator and anti-commutator product. Thus

(a”™ b)c = (afb)fc + (afb)Ec
WEAD aE(bEc)i (aEc)Eb + aE(bfc)i (akC)fb
aE(bcc)j (atc)Eb aE(b”c)i (atc)fb

pes,@ep LG fsF

The new elementaf (b~ c) is obviously a 3-vector. This follows from linearity
and the coordinate representation of the vectors. Each componengi £ (ex * €) of
af (b” c) vanishes unless the three indices, j and k are mutually di®erent®. Due
to the constructive character of the outer product it is reasonable to de ne

+

+

(@rb)rc = (a”b)Ec; a;b;c2 P4; (2.19)
and conversely ¢~ (a”™ b) := cE(a” b). Consequently, the outer product is
associative

. (A3) .
(@*b)rc=(afbfc ="ak(bfc)=a” (b" c); (2.20)

for vectors a;b;c 2 P9 and the brackets may be discarded. The de nition of the
inner product may also be extended to the case of three vectors. The choice

(@”b)ec := (a”b)fc (2.21)

is sensible for the inner product not only because the inner product is considered
the counterpart of the outer product but also due to the grade decreasing property
of equation (2.21) - recall that the result of (a ® b)£ c is vector valued.

Note that if not otherwise indicated by brackets, then the geometric product takes
precedence over inner and outer product (and the commutators products). The
predominance among inner and outer product is basically arbitrary but in case of

®This re°ects the action of the Levi-Civita tensor 2y ,i.e. ef (ex " €)= 2 eexe.
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doubt, i.e. in the absence of brackets, the inner product is assumed to bind stronger
than the outer product. The order of evaluation is

Geometric Inner Outer
Product before Product before Product.

In conclusion, inner and outer product were generalized such that mixed expressions
of the form (a” b)”~ ¢ or (a” b) ¢c can be dealt with. Accordingly, equation (2.10)
ab=ac¢b+ a” b can be extended to

(@a”b)c = (a*b)~c + (a”™b)cc:

For the coming section it should be remembered that equation (2.3) de nes the
- -vector A[k] - a linear combination of basis blades of gradé. Shortly a special
version of a- -vector, the so-called blade will be introduced. A blade of grade (k-
blade') denotes a- -vector of equal grade and has an outer product representation
in terms of k vectors. However, blades are strongly related to one of the key results
that is to be derived in the following

This is the analogue of the famous equation (2.10) Next, the rst part a ¢A [r]
will be examined on the basis ofa ¢bh = a£b.

Extension to - -Vectors

The aim is now to derive inner and outer product of a vector with a - -vector.
For this purpose the multiple geometric productbajas:::ag is to be expanded by
means of the repeated application of the identityba = 2(a ¢b) | ab from equation
(2.8). The trick is that the rst term 2( a ¢b) may always be factored out as it is
scalar valued. Letajay:::a;:::ax denote the term ajay:::aj; 1aj+1 :::ak that

a; was removed from then
3

bajaz::iax = 2(@1¢b)j a;b az:::ak

2(apth)as:::ax | ajbaz:::ag

P
2 (j1il(ajth)aas:::a;:::ag
i=1

+ (j Dkajap:::akb:
The expansion in particular holds for basis blades of gradé, but then, by linearity,
also for - -vectors. For a basis bladee = gj,€j,:::¢j, it may be written
3 . X( '
Tbhe i (ieb = (i1, th)e y:
i=1

"The equation only holds if at least one operand represents a vector.
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Hence the operation has decreased the grade ef by one such that the resulting
- -vector is of gradekj 1. Since it is the inner product that is supposed to have such
a characteristic and since the expansion is also compliant with the inner product
for the casesk = 1 (vector) and k = 2 (bivector), one is free to de ne

3 ,

atAy = 3 @A i (i D*ALp (2.23)

By symmetry considerations this would suggest to use the remaining paraA [K] |
adA ., of the geometric product for the counterpart of the inner product - the outer

product. Indeed, it will be shown in the following section that
3 .

— . k .
atAy = ;7 aAy + (i D'Aa (2.24)

The summary of the previous two equations reads

k even k odd

Afa= Ay %a | AgEa= Ay, ta

AgEa=Ap"a | Agpfa= A" a:

Generalization of the Outer Product

There is a multiplicity of interesting properties that are known so far about the
outer product a~ b. It is bilinear and anti-symmetric because of its commutator
de nition, it represents a linear subspace, the coezcients of the components are
determinants, it is invariant under orthogonal transformations, it is metric inde-
pendent, it coincides with the geometric product in case of orthogonal vectors and
an oriented area may be associated with it. Froma ” b~ ¢ it has additionally
been deduced that the outer product must be associative. Clearly, in the end the
generalization is a matter of de nition, but if the preceding properties are changed
into requirements, it is easy to verify that two particular of them would imply the
remaining ones. The minimal requisites for the generalization of the outer product
are

2 Multilinearity

2 Associativity

As a result, the outer product is alternating, that is the outer product of vectors
takes on zero if at least two vectors are equal. Say, the vectox appears twice in
an outer product

cAXNMarMarsay MM aresg M XN
Due to associativity it is

XMarMarsr =(XMar)Mar+r =(i ar*X)Marsr =i ar XM ars;
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whence

A XNMNarMarsr NN ares M x N
— . +1 ... . .
- (|:I.)S ...arl\ar+1/\...Aar+SA(XAX)A...
= 0:
Bear in mind that the outer product of linearly dependent vectors is zeras well.
This is not ditcult to see: simply replace one vector by its respective linear combi-

nation of the remaining vectors. Then, by the distributivity of the outer product,
every summand of the expansion attains zero.

A further implication is the total anti-symmetry of the outer product: exchanging
two vectors in an outer product will introduce a minus sign. Consider, as an
example, an arbitrary but multilinear and alternating function f, the image of
which not necessarily has to be scalar valued. Without loss of generality it is

f(a+ bja+ b;::) = 0
f(aja;::)+ f(a;b;::)+ f(b;a;::)+ f(b;b;::)
f(a;b;::)+ f(bja;::);

thus f (a;b;::) = j f(b;a;::). Note that anti-symmetry likewise implies associa-
tivity. In the above generalization the requisites multilinearity and associativity
can equally be replaced with multilinearity and total anti-symmetry.

In the following it is being examined whether the requirements multilinearity and
associativity lead to a unique de nition for the outer product. This time, let f

vectors have a coordinate representatiora, = Alr;e, 1- iy - n, 1. r - K,
where the Einstein summation convention is made use of, see page 256. Besides,
A2 "k symbolizes the coexcient matrix for the linear combinations of all vec-
tors a,. Now equation (2.26) below is being elucidated. First, the summation over
the e can be factored out by the multilinearity of f . Notice that the summation

in the second row is taken over alln® combinations of indicesiy, iz, :::, ik. Clearly,

tive summands can be discarded, and the summation can be reformulated with the
help of the set ofk-tuples
VRl
. . . n
e = f(vayvoiiisvi) jl- vi<va<:ii<vyg:- ng; jlen) = K : (2.25)

Accordingly, for each combination of pairwise di®erent indicesv provided from
l=n, the inner sum in the third row is intended to be taken over all k! permuta-
tions of the indices inv. The term S(k) denotes the space of all permutations of
indices f1;2;:::;kg. In order to avoid double subscripts, theit elementv; of v
is symbolized by v(i). Because of the alternating property of f it must be that

(

o +1; %iis an even permutation off1;2;:::;kg

sg = . .
i 1, %is an odd permutation of f1;2;:::;kg:
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This leads to the fourth row of equation (2.26). As the arguments off do not
depend any more on¥%; f is factored out. Let Aj, denote the matrix A restricted
to the rows given in the tuple/vector v. Thus Aj, is a quadratic k£ k matrix.
Observe now that the inner sum in the fth row is nothing but the Leibniz formula
for determinants. Using the expression detfj,) nally yields equation (2.26).

= Avar) 1 Av)) 2 Aver) kB (Bvan) s vy 111 vy
V211 ¥2S (K)
X X K
= Aveiy;i sIN T (evwyieve)iiiiieyvi))
V2l ¥2S (k) j=1
X X Y
= fevaieveiiinieve)  san(¥) Ave);
V21 ¥2S (k) j=1
X
= det(Ajv) f (ev): v iitievwy) (2.26)
V2| ien

Before it can be continued it is necessary to think aboutf 's structure. It is worth
mentioning that the outer product of geometric algebra is multilinear with respect
to the algebra product, but it must be taken into account that the geometric product
is not commutative. It can therefore be inferred that the most general formf may
take on is

f(ai;az;::;ak) = M@y 1) Qyy2) -0 Ayl s M2 (2.27)
¥25 (K)

Each summand has to include all vectors; an expressiof (a;b) = ab + a, for
example, would not be linear inb any more, comparef (a; b) = ab + a with
“f(a;b)= ab+ a for some scalar 2

Besides, the alternating property off can be exploited to analyze the coexcients
. This is done in section A.3.2: using equation (A.14) equation (2.27) may be
reformulated as

X
f(ag;az;::i;ak) = € sgN() ay 1y ay) : i Ay ; c>0: (2.28)
¥25 (k)
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In carrying over the previous result to the casef (ey);€y);:::;€yx)) one obtains
X
fleva;eveiiiiieww) = C SAN() eyaun)) Bv(2)) - Bu(k))
Y25 (k)
X 3
= ¢ sgn(®) sgn(®j eya)eyp) - ey(k)
0 ¥es ) 1
X
= @ SON@E*A eywyeue) ek
Y25 (k)
i ¢
= ck! €v1)Cv(2) - Byk), C=> 0: (2.29)

Notice that e,(1)€y() : :: €y represents an ordered basis blade due to the de nition
(2.25) of v. The expression forf ultimately becomes

i ¢X .
f(ag;az::;ak) = ck det(Ajv) eypy ey i1k C€>0:
V2|I<;n

Consequently, the outer product is uniguely de ned up to a positive constantc 2
Regarding the outer product of basis vectors in equation (2.29) it is sensible to set
the factor c to ¢ := 1=kl. The function\; can now be replaced with the fully
determined outer product, symbolized by . Let

N K
(ag;az;:iak) = agtax™ iiMag = a;
j=1
Then the de nitions for the outer product of k vectorsay, ar, :::, ax are
N 1 X
(ag;az;::i;ag) = W SgN(®) ayryay) - & Ak (2.30)
" 92S (k)
and A X
(ag;az;::ijak) = det(Ajv) ey(1)€y(2) ey ; (2.31)
V2|k=n
with
len = f(vg v i) jl- vi<va<:ii:i<vyg - ng:

Note that the application of equation (2.30) to the outer product of mutually di®er-
ent basis vectors, sayej, " €, ™ :::" €, in conjunction with the rule eje; = | g€,
i 6 j, immediately yields

e, e, Ne, = e,6,:.€6,: (2.32)
Besides, by means of the associativity of the outer product it is

(ei,€i,:::€,)" (&,6,:::€;) =
(e, "e,Mihe )N (g, g, Nl eg) =
e, Ne, N iihe e e, N =

€,6i, .16 €,6, 1€,
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if all basis vectors are pairwise di®erent. It can therefore be inferred that whenever
the index sets and! of two basis bladese and e, are disjoint, geometric product
e e and outer product e ”~ e, are the same. Otherwise, saye and e, share at
least one common basis vector, the total anti-symmetry, cf. equation (2.30), will
force the outer product to vanish. Hence,

(
e e ; V1=
e Ne = (2.33)
0; else

A further and quite useful representation for the outer product is its commutator
representation

8

A < (:((aifayx)Ea iir Eagg ag; k even

aj = Cillaap ezl ao) U 8 (2.34)

j=1 © o (((afaz)faz)f i fag Eag; k odd,

where commutator and anti-commutator alternate with each other. These com-
mutator expressions comply with the respective expressions found faa; * a, and
a; ™ ax” as. In order to be reckoned a general expression for the outer product,
equation (2.34) must be multilinear and anti-symmetric. Solely the latter condition
is being checked next as commutator products are known to be linear. Consider
the i " position in equation (2.34) - if i is even, it may be written

(faatoets ) Figy) iy )" fue 2 22y

For simplicity, the commutator expressions of A and D were changed back into the
respective wedge expressions. ThB -term may be discarded. Then the situation
is as follows

(AEb)Ec must be i (Afc)ED:

The equality can easily be veri ed with the help of equation (A.4), in which the
term A £ (bE c) attains zero. If i is odd, equation (A.5) applies.

The commutator representation (2.34) can be further expanded by means of equa-
tion (A.11), page 244. It must be given special importance to that equation as
it gets along with only 2% summands to evaluate the outer product ofk vectors
whereas equation (2.30) requirek! summands to eventually do the same thing.

Note that by distributivity over the basis blades, equation (2.34) is the sought
substantiation of equation (2.24).

In conclusion, three di®erent representations of the outer product have been de-
rived merely from the requisites multilinearity and associativity. The next section
includes an introduction to blades - the probably most important concept of geo-
metric algebra - although a blade is simply an outer product of vectors, i.e. what
has been dealt with before. It follows a discussion on calculation rules and other
extended concepts of geometric algebra.
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2.2 Basic Concepts of GA

This section is more formal than the preceding one. It is dominated by the term
"blade’ because this class of multivectors has meaningful properties. Accordingly,
several calculation rules for manipulating expressions that involve blades are given.
The section starts with the introduction of an important tool - the grade-projection
operator. Besides, some elementary identities regarding basis blades are given.

At rst it is caught up on some simple identities that rely on the de nition of the
geometric product of basis vectors, cf. equation (2.13).

Proposition 2.1
Given a basis vectorej, i 2 N, and a basis bladee , N , then
ee = (i)t Vee;

where 1 (i) denotes the characteristic/indicator function® of the set

The proof of the proposition is left out as it follows directly from the properties of
the geometric product. As an example, considea = e; and b = ejey. Itis

ab = eseier = jejecer; = j ba:

The repeated application of proposition 2.1 to each of the basis vectors of a basis
blade e shows whethere and e, commute or not

ee = (j1y it Vige : (2.35)

Corollary 2.1
Let e and e be two basis blades. Then the outer product satis es

Similarly, for two - -vectors A and B is follows from the linearity of the outer
product

— (. 1)Kl .
A" By = (D7 By ™ Agg:

Proof: According to equation (2.33), it is required that \ ! = ; in order to have

that e " e is non-zero. But thenitise e = e e so thgt _equation (2.35)

applies:ie e =(j 1) 'le e andafteralle ~e =(j1) l'ie re .

¥

The next proposition is about the grade of a product of two basis blades.

8The indicator function of a set p ! is dened as

1 ifx2

Lxzty ="y ixez .
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Proposition 2.2

Let e ;e 2 g Then the geometric product e e, yields a signed basis blade
8 e with
o= (" #)n(" \ #):

The sign ofe- depends on the signature of the algebra and especially on the speci ¢
basis bladese and e . The grade ofe: can be determined via

N=E i gt #)

Proof: Basis vectors that are shared by both basis blades will cancel out by squaring
to § 1. This explains the “rst identity.

Onehas(" [ #)n(" \ #)=("n#)[ #n")=("n" \ #) [ (#n(" \ #)). Since" n#
is disjoint from #n" and since" \ # is part of " and #, respectively, it may be
written (" ("\ #)+ (#i (" \ #)). Moreover,j! j=j"ji] "\ #]+ j#ji] "\ #],
whence the proposition follows. y

Recall that a general multivector can be composed of a mixture of basis blades of
di®erent grade. In order to have access to elements of a given grade the grade-
projection operator is introduced. With its help a couple of important relations
can be formulated.

De nition 2.1 (Grade-projection operator):
The grade-projection of the basis bladee 2 $ .4 onto the grade+ component (if

exists) is indicated by he i,. It is de ned as
8
<e ifj"j=r-n
he i, =

r
0 otherwise.

The grade-projection operator is linear w.r.t. its arguments. A scalar projection
PAi, is usually abbreviated to PAi. Note that r>n ) h Ai, =0.

¥
Doubtlessly, using Kronecker's delta it is
Mgl = B0 Agg -
The distributivity enables the extension to general multivectors as well
A = PAijg+ hAi + 10+ DAL (2.36)

It is now possible to combine proposition 2.2 with the grade-projection operator.

Corollary 2.% b
Let A[k] = ajey, and B[u = i bes, with % = k and j&j = |. Consider the
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. P
geometric productC = A[k]B n= ' aihe ;e of the two --vectorsA[k] and B[I],
then

jki lj+2 [l]'k+| '

Proof: Let cke:, = aije e, be an arbitrary component from the product C =
A[k]B - There are three cases: rst, if  p !j or!; p i, then, by proposition

22, 0" = Vyiid i = li korj"wj = jijil'ji = ki |, respectively. The
component therefore contributes to the C -term with lowest grade j"«j = jki Ij.
Second, if j\ !I'; = ;, a term with highest grade j"¢j = k + | is obtained. Finally,

the remaining intermediate grades have to increase in steps of two gsij = k and
j'ji=lareconstantinj"wj=j ij+j'jji 2 i\ !j]. ¥

Corollary 2.3

The geometric product of k vectorsfa,.., g can be decomposed into summands of
particular grades as

e
ajaz:iiak = haiaz:iiakiy; o
i=0

The corollary comes without a proof. Instead an example is given. With its help
it becomes clear that a successive application of equation (2.22), i.e. splitting the
geometric product into the inner and outer product, like

aaz::;;akx = (:::((aztax+ a; ™ az)tazg+(astar+ a; ™ a)™ az):::;

reveals a grade structure as stated in the corollary.

Example 2.3 (Grade structure):

The table below demonstrates which grades emerge from which products. An alge-
bra over a 5-dimensional space is assumed, that i3:=5.

Grade: O|1,2|3|4]|5
a1a2 g o}
aiajzas o} o]
ajajzazag o} e} e}
ajiajzaszagds e} o] o]
adjazaszagasag o] o] o]
diajzaszagdsagdy e} o] o]

By means of corollary 2.3, it can be shown that equation (2.24) and equation (2.23)
can be extended to multivectors of the formA = ajas:::ag.
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Corollary 2.4

Let B = byby:::by the geometric product of the vectorsfb,.., g. Inner and outer

product with a vector a 2 P9 can then be calculated via
3

a ¢B aB i (i1)'Ba_

1
B =byby:iihy =) %3
a"B 1 aB + (ij1)'Ba

Proof: The proof is given for the case addressing the inner product, the analogous

proof regarding the outer product is skipped. Using corollary 2.3 the term
3 ,

a¢B = 1 abibp:iiiby i (i 1) bibyiiiba :
may be rewritten as

3 %ZC %20 ’
la MBi o i (i 1)’ Bi ,a :
i=0 i=0

Since(j 1) is the same ag(j 1)'i 2 one obtains

lj(ch 3 . ty(Zc
Jami 5 i (11)"7mi, ,a = atBi, ,
i=0 i=0
%20
= a¢t mBij, 4 = atB:
i=0

¥

Note that although a ¢B;, = haB [|]i|. X itis in generala ¢Bi, 6 haBi, , for
someB = bjby:::b or any other muI'tivector B that is not at least a - -vector.
The reason is thatheB i, ; = a¢Bi, + a”hBi ,.

From equation (2.33), in the context of corollary 2.2, it can be inferred that the
components of highest grade irA[k]B i i.e. hA[k]B [|]ik+|, must be identi ed with
the outer product A" By

De nition 2.2 (Outer product):
Let Ay, and B, be two - -vectors in  p,q. Their outer product may be de ned as

A" B = Moy,

¥
Note that for the special case of basis blades and e, de nition 2.2 reads e *
e = he g ij g It is easily veri ed that the above de nition exhibits the

fundamental properties multilinearity and associativity, see page 31. The linearity
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follows from the linearity of the geometric product and from the linearity of the
grade-projection operator. The associativity can be shown in this way:

(Ap"Bg) " Cpy = MpBgl " Cy = NARBIC

[sl' e s ' s set

= MALBECy) = A "hBCryl

r+s+t

= Ap" (B Cpu

[r]

s+t

Regarding equation (2.22), it seems as if inner and outer product re°ect the lower
and upper limit of the spread of grades. Following this notion the generalized inner
product may be de ned.

De nition 2.3 (Inner product):
Let Ay, and B, be two - -vectors in  pq. Their inner product may be de ned as

A By = Hay B

¥

A scalar componenthA [k]B [|]i can therefore only be obtained if the grades are equal

(k = 1). The scalar component of a geometric product always corresponds to the
result of the inner product.

The striking term " )" in the above de nition has the purpose to prevent the
problematic special case in which the grade of one of the operands is zero. Given a
- -vector of grade zero, for exampleéA 02 and some- -vector B it the application
of de nition 2.2 and de nition 2.3, respectively, would - if the term was not there
- inconsistently result in
Def.2:2 . _ . Def.2:3 i

A" By = MpBpig, = MeBuiy ;= " Ap By
The commutator expressions in equation (2.23) and equation (2.24), respectively,
allow a sensible specialization on scalars. However, the next de nition aims to
re-emphasize the role of grade zero elements in geometric algebra.

De nition 2.4 (Treatment of scalars):
Let A 2 4 be a multivector, then for every scalar® 2

®¢A =0 and ®" A = ®A:

¥

In terms of basis blades de nition 2.3 would take on the forme ¢e; = %; jjij
he e ijj i Vi This case corresponds to the rst case in the proof of corollary 2.2;
it is either I p " or"™ p !. An equivalent but more intuitive de nition for the

(

inner product is thus
e te =

figppe e Lprtortpl (2.37)

0; else.
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The analogue regarding the outer product, i.e.e " e, is de ned in equation (2.33).
|§Jow inner and owger product can be expressed for general multivectordA =
;aier, andB = bey,

X
A ¢B

aiy e Cey
>i<'j
ANB = aiy e " ey
isj

Corollary 2.5
Let e ande; betwo basis blades such that p ! . Then the inner product satis es

e ¢ = (1) Wi g ¢e ; TR
Similarly, for two - -vectorsA[k] and B 0 k - 1, is follows from the linearity of the
inner product
— (. n\klik . .

Proof: First it is to mention that the conditions of equation (2.37) are met. Hence
the statement of the corollary follows directly from equation (2.35) by noting that
\=
Regarding the second part of the statement IgA[k] = P ;aier, and B n= P i bey,
with j"ij = k and j#;j = |, soA[k] ¢B[|] = aily e, ¢ey . It must be taken
into account that for some of the summandsa; by e+, ¢ey, neither " p #; nor
#; u " is fullled. The respective summands are therefore zero with the result
that e Gey, =0=(j 1)"I%lil "1l g4 ¢e, does not contradict the second statement
of the corollary.

¥
Corollary 2.6
The inner product of two - -vectorsA[k] and B 0l is commutative if they both have
the same gradek = |, or equally if the outcome is scalar valued. Then

Apg OB = MypBpl = By Ay k=T

Proof: With respect to corollary 2.5 it must be shown that (j 1)K'i kK ¥='(; 1)k%
equals one. Thusz := k? | k has to be an even number. Assume at rst thatk is
odd: k:=2m+1, m2$. Thenz=2m+1)%2j 2m; 1=4m?+2m is even. In
casek :=2m, m 2 $, the expression evaluates taz = (2m)?j 2m = 4m?; 2m,
which is even as well. ¥
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De nition 2.5 (Blade):

The outer product of aset of0 - k - n linearly independent vectorsfa,.., g% P4
is called a blade of gradek or simply k-blade. It is denoted by A ., .

Angi = arMax™ N ag

A scalar is considered as a blade of grade 0. ¥

Subsequently, every appearance of blade&,,; , B, , etc will implicitly stand for

:(:1 aj, ::1 bi, etc if no deviant declaration is given.

As a matter of course, every blade is a certain -vector, which is why every com-
putation rule for - -vectors is applicable to blades as well. Likewise, any -vector
Ay is ak-blade A ,; i® it has an outer product representationay ™ az”" :::" a.

Example 2.4 ( - -vector vs. blade):

(e1+ e) " (e2+ €3) eiex + ejes+ exe3  blade
?? (= eex+ eje3+ 6y - -vector:

On page 23 it is stated that the outer producta”™ b, n > 2, represents a linear 2D-
subspace, i.e. a plane. In addition, it is shown on page 32 that the outer product
of vectors is zero if the vectors,are linearly dependent. Hence the outer product of
a vector x with a blade A, = !(:1 a; is zero if the vectorsfx;aj;as;:::;axg are
linearly dependent, or rather if x lies in the k-dimensional subspace spanned by the
fa;., 9. The spanning vectors are of course termed the basis or thizame of the
subspace.

Corollary 2.7
A blade A, = ik=1 a; represents a linear k-dimensional subspace in that
XNMNAui =0 0 x lies in the span of thefa,.., g

for every vectorx 2 P4

Proof: An outline for a direct proof of the “only-if' direction is given on page 32.
The "if' direction can be deduced from equation (2.31): lex2 "andA2 "&kpe
the matrices, the columns of which hold the coe+cients ok 2 P9 and Aki2 po
respectively. Thenx * A ;. may be expressed as

XNA = det([x; Aljiv) ev, ey, : i ey, ;

V2141 =n

where [x;A] 2 "£k*1 symbolizes the horizontal concatenation of the matricesx
and A. If at least one k+1-minor det([x; AJjy) was non-zero, the matrix[x; A] would
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have its full column rank k + 1. Hence the conditionx ~ A ,; =0 implies that the

columns in [x; A] are linearly dependent, whence the proposition follows. y

As a bIadeAhki can be identi ed with a vector space, it can be treated as such, i.e.
the statements known from linear algebra hold as well. For example, it will shortly
be shown that a blade always possesses an orthogonal basis. Rather, the outer
product of any set of linearly independent vectors that span the same subspace as
A, Yields, up to a scalar factor, A,,; again. It can therefore already be inferred
that the outer product of two blades must be zeroi® they share a common subspace
(except the trivial 0-dimensional vector spacef 0g). Speci cally,

The proof of the following special case, relating bivectors and 2-blades, is given in

section A.3.1.

Proposition 2.3
Given a bivector A, from 4 the following relationship holds

The next proposition states two very useful calculation rules - one of which is a
pseudo associative law for the inner product.

Proposition 2.4

Let e , e and e+ denote three basis blades. Then the following identities can be
found

(e ¢e ) Ce-

(e Ne)cte

e Ce Ce);  jlj,] "It #]

e ¢e Ce); Jlj,j "t #]

Fig. 2.5: Example partitioning of basis vectors that re°ects the condition j! | ,
j"j+ j#] imposed in proposition 2.4: each black dot symbolizes a di®erent basis
vector.

The arrangement in “gure 2.5 shows a setup in which the condition! j,j " j+ j#]j
of proposition 2.4 is ful Tled. It certainly is possible to give a geometrical proof as
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suggested in [21] or to analyze all cases in a proof by exhaustion. However, here a
common but elegant proof is favored that bases on the grade-projection operator.

Proof: Let the grades ofe , e, and e« be denoted with u, v and w, respectively.
Assume thatj j,j !'j+ j" jis ful'lled, then

(e ¢er)ter = he e ijui vj ¢er jui vi= viu

= heee iy uiw jviowi o wi= jui (Vi w)j
= Peee iy iwj

= e Clie i,

= e ¢(e Ce):

Similarly, it is

(e "e)ter = he e

= heeei

Ce

u+w

i(utw)i vj jlu+rw)i vi= j(vi w)i uj

juij vi wij

= he e ey w
= e ¢e Ce):

¥

By employing the distributive law, the preceding proposition can easily be extended
to - -vectors.

Corollary 2.8
Given three - -vectors A\, B;; and C,,, it holds that

By writing A, = Ay, 1 * @k, the value of the second identity is disclosed
Furthermore

Ani 8By = art(az¢::: (ag; 1 ¢(ak ¢By;)):); k- I (2.38)

According to corollary 2.4 the inner product a ¢B ;; of a vector with a blade B ,; is

de ned by the commutator (anti-commutator) if the grade | is even (odd). In this
way equation (2.38) may be expressed in a new manner.
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Corollary 2.9

The inner product of two blades A ,; and B ;; can be expressed by means of the
commutator formalism, that is

A op. = iR (@azf (@i (cf By | even
e 0 (A 2E (ak 1f (akE By)) | odd:

The commutator expressions can be further expanded with the help of equation
(A.11) and equation (A.12): if the grade | of B ;; is even (odd), the former (latter)
equation has to be used.

Example 2.5 (Expanded inner product):
The inner product (a1 * ax” as) ¢B,; may be expanded as

; ; (A:12)
a1£(a21€ (a3E£ B g)) =7 + ajarasB . + a1a:B g asi aiasBgar

i aiBgazaz+ arasB5a1+ azxB g asas

i asBgaza1i Bgazazai:

Note that changing the sign of the underlined summands (with an odd number of
trailing vectors) yields the outer product, see equation (A.11).

Proposition 2.5
Let A and B denote two general multivectors of pq. It then holds that

PAB i = MBAi:

P
jandB = [, MBi,. It follows that

*

P, _
Proof: Let A =, hAI
X x D E
PAB i = PAil;MBiI; = hAiT; MBI,
i;j =0 ijj =0
and further by the de nition 2.3 of the inner product
X0 D E X0
PAB i = 4 PALMBI; = PAIhBI + PAI; ¢Bi;:
i;j =0 i=1
According to corollary 2.6, it is hAi; ¢B i, = hBi;CAi,. Hence

X
MBi = MBihAi + MBI ¢HAi, = 11 = MBAI:
i=1
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In this way the so-called cyclic reordering property is obtained

M]_Az Ak. 1Akl = MkAlAz Ak. 1I

Particular attention should be paid to next proposition. Its existential statement
seems to be obvious with regard to the insights of linear algebra, cf. page 238, but it
has to be kept in mind that the underlying algebra might be non-Euclidean. Besides,
the given proof is a constructive one, i.e. it also reveals the way to orthogonalize a
frame.

Proposition 2.6
For every bladeA ,; = :‘:1 a; it exists a set ofk - n orthogonal (anti-commuting)
vectorsfz,.., g% P9 such that

Ani = 2122010 Z:

Proof: Let P2 *EK denote the KE k symmetric matrix with entries Pj = a; ¢aj,
aj 2fay., 0. Itis known from matrix calculus that P is diagonalizable by means
of an Eigenvalue decomposition

T-=
p=upbU %% UPU= D;

where D 2 kEk symbolizes the diagonal matrix of Eigenvalues. The matrix of
EigenvectorsU 2  kEK is orthonormal, i.e. UUT = Iy.

Note that P may be written as P = AQAT, where thei ™ row of matrix A2 KM s

assumed to hold the coe+cients of vectom;, 1. i- k. The diagonal matrix Q2 N&n

stands for the inner product as it realizes the quadratic formQ of the quadratic

space P, see page 239. It i€ = % e2. Consequently,

Now the rows of matrix Z 2 &M hold the coe+cients of the orthogonal vectors
fz,., 9% P9 (linear combinations of thefa,.., g) becauseZzQZ™ = D corresponds
to Zj = ziCGz; = Dj % . Dlye to associativity one hasz1z:::zx = 21" 2™ 1Nz
and eventually with z; = 1(U )jiai = Ulja;

Z1Z2...Zx = Z1 Nz NNz,
= (Ulllail)/\ (Ulzzaiz)/\ DA (Uikkaik)
= UU2, Uk a, Ma, MM ag,
. X K x
(2:26)
= Us/(j);j sgr(% aj (239)
¥2S (k) =1 i=1

det(U) a; ™ ax ™ ::: "N ag

A

A
e
2
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(*) A determinant det(U) of | 1 can easily be remedied by exchanging two of the vectors
fz,.., g or by switching the sign of an odd number of vectors. v

It is worth mentioning that the above orthogonalization of the frame fa,.., g can
equally be done with any signature (speci ed by the matrix Q). By using, for
example, the Euclidean scalar productP; = a; & a; a basis with perpendicular
vectorsfz,., g% P9is obtained, soz; & z; = 0, but mostly z; ¢z; 60, i 6 j.
However, pursuant to the previous proof the spanned vector spacd ,; stays the
same. This substantiates the statement on page 24 according to which the subspace
representation by means of the outer product is independent of the inner product
and the signature, respectively.

Note that the decomposition of a blade into orthogonal vectors is not unique. By
rotating thﬁ vectors z; := e; and zy 1= e; by 45, for example, the vectorszgJ =
(e1+ €)= (2)and z9=(ezi e1)= (2) are obtained, with

0,0

712, = e1M ey = 292, 71,222 %

But however the decomposition comes o®, the signature of an orthogonal frame,
i.e. the number of basis vectors that square to positive values, negative values or
to zero, respectively, stays the same as stated b@ylvester's law of inertia

It is now being shown that a certain type of transformation of the spanning vectors
inside the spanned subspace (the vectors in the example stay in they -e,-plane) do
not alter the blade. As a consequence, the vectors may be assumed to be aligned
as desired, i.e. as advantageously as possible for the problem under consideration.
Assume that n is a vector in A . with n? = 1. By exploiting that n* A, . =0
andn ¢(n ¢A ;) =(n”"n)cCA,, =0, the expansion of the expressiomA ., n is

(nf,AHd)f.n; k even

nA,n =(n¢A )" "n =
f ( i) (NEA)EN;  kodd:

By means of equation (A.2) ( is even) and equation (A.8)  is odd), respectively,
it can be shown that
NA i = NeA L An)+(i DN AL = (5 DR IAL:

Thus the subspace does not change. By considering the representation Af; in
terms of an orthogonal framef z,..., g it may further be written °

i DA LN = iNnzizp:::zgn

inzy11z,1:::1z¢n

i NZinNNzonn ::: NNz gn
(i nzyn) (i nzzn):::(i nzgn)

= 292920 = (i DAL

®The minus sign in front of the terms j nz;n, 1- i - Kk, indicates the re°ection in the nj 1{
dimensional subspace ofn 2 P9 cf. example 2.2.
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due to the associativity of the geometric product. The setfz%.., g is a new frame
for A, built of the re°ected versions (see page 27) of the vector$z,.., g. The
orthogonality is retained as can be seen by

z0¢z?

j (i,nzin) ¢(i nzjn)

In conclusion, the operationnA ,,.n, where n is contained in A, , amounts to
the re°ection of the entire basis, thereby letting the subspace invariant. Also in
general, if n is not or partly contained in A, , the operation nA ,.n represents
the re°ection of A, in n. The speci ¢ property of blades that particular operations
as the re°ection a®ect the basis is calledutermorphism and is the subject of section
2.3.4.

Technically speaking, a vector is in fact a 1-blade. It is interesting that in this
regard a certain property of vectors can be attributed to blades as well - blades
square to scalars. The proof employs the previous proposition.

Corollary 2.10
For every blade A ; it holds that

Proof: According to proposition 2.6, it exist k orthogonal vectorsfz,.., g so that
A i = Z1Z2:::Zk. Hence it may be written

AniAni = 21221012 21Z2101Zk

K (ki 1)
(i) 2 z2z3:::z%2 2

¥

This shows that all possible grades (2;4;:::;2k of the geometric product Aﬁ(i
vanish except the scalar part. This gives rise to the next corollary.

Corollary 2.11

The geometric product of a bladeA ,; with itself coincides with the inner product,
ie.
2 _ L :
Afki = PARGARGT = Apg CAgg:

The example
(a” b)? = (ath)?; a’b?

demonstrates that it is possible that a blade squares to zero as well:
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De nition 2.6 (Null blades):
A blade A . is called a null blade if it squares to zero, or rather

¥

Null blades can only occur in algebras of mixed signature. Since every blade has a
representation in terms of mutually orthogonal vectors, at least one of these vectors
must at the same time be a null vector in order to have a null blade.

Example 2.6 (Null blades):

Consider the mutually orthogonal vectorsz, = e1, z, = e, and zz3 = ez + e4 from
31 Their outer product is A, = eieze3 + ejezeq. The square ofA ., is

Abi = i (212223)(z3z221) = i z§z525 = i ()(1)(0) = O

due to z3 =0.

Next to blades it exists another important class of multivectors in .

De nition 2.7 (\ersor):

A multivector is called a versor i® it can be expressed as the geometric product of
(invertible) non-null vectors. ¥

Note that with this de nition any non-null blade is a versor at the same time.
Furthermore, bear in mind that

V 2 q versor V22

Another neat application of proposition 2.6 e®ortlessly shows that

AnibAni = Z1Z2:::zxbz1zp:0z
k (ki 1)
= (jl1) =2 2123112k b z¢zy; 111021
Kk (ki 1)
= (il > z1(z2(: 20 (2Zk; 1(zk b zk)zk; 1) 1 0)22)21

is (apart from a scalar factor sincez? 6 1, i 2 [1;k] ) nothing but a series of
re°ections of b in the vectors fz,.., g. The result of A, ,bA,,, is therefore a vector
as well, i.e.

AnibAL 2 P9 (2.40)

It is known from linear algebra that a vector a can be decomposed with respect
to its component a inside and the componenta, outside a certain subspaceB
, i.e. a = a+ a,. A decomposition with respect to a vector - a 1-blade - is
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the subject of the considerations starting at page 26. In analogy to that 1-blade
case as given by equation (2.17), it may be conjectured thagy = (a ¢B,;;)B;

anda, =(a” B,,;)By,; is the decomposition ofa with respect to B ;; , whenever
Ba =1. At'rst, it hasto be veried that ( adB,;)B,, and (a”B,;)B,,; are indeed
vector valued. For this purpose the recent equation (2.40) is suitable. Naturally, it
is suxcient to check that one of the terms is vector valued:

(@a¢By)Byi = 3 anBH}| (i 1) BH,aBH} 2 Pa
2 P4 by (2:40)

Second, building the anti-commutator of (a ¢B,;,)B; and (a” B;)B,;; demon-
strates that, regardless ofB,;; , ax and a, are orthogonal with respect to the inner
product as assumed. This is denoted by writinga, ? a-». Third, it must be ana-
lyzed whether a lies in B ;; and whether a, is orthogonal to B,;; . Reusing the
previous expansion ofa, = (a ¢B,;;)B; itis

ac" B Hi =

1, :
ZBE“ aB, i (i 1)'Bya+(i )'Byai (i )?aBy,; = O:

In the same way the orthogonality ofa, and B,;; can be proven, i.e.a, ¢B,, = 0.
Thus the generalization of equation (2.17) reads

Ba =1 =) a= aB,By;

Kk SR
ax®B a»" "By
= (ax 0By )By + (a2 A By)By: (241
ﬁak ?n) H} ﬁa. iZH) H} ( )

Note that the decomposition of a vector with respect to a general bladeB ,;; , that
means subject to the weaker conditionB ﬁi 6 0, is explained in section 2.3.5.
Self-evidently, a, and a, are, in general, only orthogonal for the currently chosen
signature of the inner product. This shall be illustrated by an example.

Example 2.7 (Orthogonality vs. perpendicularity)'
Consider the algebra 1.2 with e =+1 and e2 = e3 = i 1. The three vectors

a = 2e+ex+es
b, = e1+4eri 2es
b, = 2e;+e,+3e3

are related to each other by

1
o

acb ao b = 4
b b, =0 ! ! )
ath, = aosb, = 8

|
o
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where &' denotes the Euclidean scalar product. If, as in the example, a Euclidean
vector space is taken as a basis, thea still has components inb; * by, = 7(ejes3j
ei1e; + 2ese3) although it is orthogonal to fbs; bog regarding the inner product.

Corollary 2.12

Let a = x + y be the decomposition of the vectora 2 P9 w.r.t the subspace
By 2 pgsuchthatx 2B, =0,x260 andy ¢B,, =0. If B3, 60, then the
inner product of a and B ;; is a blade of gradel 1.

Proof: Recall that an orthogonal basis of B ; can be determined such thatx is

part of it. Hence let fx;z1;z5;:::;2); 10 be an adequate basis oB Hi i.e. B Hi =
XZ1Z2:::2); 1. Then

atB, = at(xz1zz:::25; 1)
= x0(xz1Z2::12); 1)

= % XXz 1Z2:::Z5; 10 (i 1)'lezz:::z|i 1X
3
= Ioxxzazaitizai GD)'GDTIxxz 122002y 1
- 2 :
= X ZoiliZyi g
1Z2y, |.}L
li 1 - blade
¥
Becausey is orthogonal to B ;; and sincex is assumed to be orthogonal to the
frame fz1;22;:::;2;; 19 as well, a must altogether be orthogonal toa ¢B ;. This

is easily ascertained by observing thata ¢(a ¢B ;) = (a " a) ¢B,;. The blade
a ¢B,,; is said to be the orthogonal complement ofa in B,;; . By observing that

(a1 ap) B, = a1 ®a20B ;) , or generally by equation (2.38), it must be deduced
that (1, a;)¢B wi represents the part ofB ;; orthogonal to each vector infa,.., g.

The inner product A, @B ,;, k <1, is therefore the orthogonal complement ofA
inB,,; ,le.
Hi

Substituting A ; ¢B,,; for A, immediately leads to
h [
(Ani ¢Byi) ¢ (A ¢By) ¢By,; = O: (2.43)

Corollary 2.13
The inner product of a vector a and a bladeB i+ B ﬁi 6 0, is zero,i® a lies entirely

in the orthogonal complement of B ; in P9, This may be expressed by

2
BhIi60

a¢tBy =0 0 a? By
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Corollary 2.14

If one blade A,,; , A%, 6 0, is contained in the space of another bladeB ; ,
Bﬁi 6 0 and |, k, the blades satisfy the right side of the following relation

8x 2 P4
XMApi =0) x" By =0 =) AniBri = A ®By;

Proof: Let faj;az;:::;ak;bk+1;bk+2::::;bg be an orthogonal basis ofB,;
such that fa,., g is a frame for A, at the same time. HenceB;
ajaz:::akbys1 b+ 1::b and

AgiBui = aiaz:iiiagajaz:iiagbgsibes2 1iiby

c oD 2 22 ey
(] 1) 2 alazak bk+1bk+2...b|.

The resultant element is a blade of gradd j k. Thus

AniBri = PAuiBnuil, | = Apq 6By

Regarding the recent considerations in terms of a vectoa and a bladeB ; , |, 2,
it can be inferred that

(@a” Byi)Buyi

(atBy;) ¢By;

For the remainder of this text let
[Agnai] == 1Mag™ax” iiiaj; 1™ aje MM ag

be a blade of gradek j 1. In addition, the canonical generalization of A, .na;]
regarding a set of vectors reads
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Example 2.8 (Basis orthogonalization):
Here the orthogonal complement offA , .na;] in A, is to be analyzed. LetA,,; be
a non-null blade, i.e. A3 6 0, with basis fa,.., g. Then

3

[Aganail Ayi = [Apgnail [Aggnail” (i DX a
= (i DN Anail? ain:
Hence with A 1A
ol ki P hd"i A
A W

it follows 8i;j 2 [1;k]
i6j) bi ¢aj =0

Starting from the expansion of a ¢A K]’ given in equation (2.23), it is now being
focused on the expansion o& ¢A .. proposition 2.7 is of fundamental signi cance
as it, for example, expresses a kind of distributive law for the inner product over
the outer product.

Proposition 2.7 Vv
Given a vectora and a bladeB ;; = ::1 bi the following expansion can be used

XI
atB, = (i 1)' Y(a¢b) [Bnbi]
i=1

Proof: Let B = bib,:::b the geometric product of the vectorsfb;,.., g such that
atB,, =ac¢tlBi, = me¢Bi, ;. Consequently, it is
3
atBy, = LamBi i (j1'MBia
D . ¢E
- 1! ool
= 5 aB j (j 1)Ba _
I
According to the derivations on page 30, the inner term can be replaced as
*

X *

atBy; (i D)'it(ach)biby:::bi:i:b

i=1 li 1
X .
= (i D't (a ) horby:iihiizibyiy

= (i D' *(a¢hy) forby::iby by,
=1 I L}

B HInb.]
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Pursuant to corollary 2.12, the linear combination of blades B ,;nb;] obtained from
a ¢B,; still represents a blade.

The eight commutator identities (A.1) - (A.8) stated on page 243 are of value as

many interesting geometric algebra identities can be derived from them, especially
when working with vectors. Four of them have already been used in section 2.1.3.
The expression AE B)f C, for example, will attain zero whenever vectors are sub-

stituted for A and B. Also, if two variables stand for a blade, sayA = C = A,

then a scalar is obtained forA . EA,,. = A&.. By looking for these special cases,
the following rules can additionally be derived.

1 (a” b) ¢c (LD at(brc) + (a”c)cb
(A:L;A:8)
2 AH(iie(bA c) = (Agith)rec (Agi¢c)™ b
A:L;A:8
3 Auif(dhc) WED (A rbte i (Agho)th
4 AgE®brc)  NEO (At i (A r0)rb  (244)
5 Agibecy  WEND (A eb)rc + (Ag o) eb
p (A:3)
6 (A EDEA,, = 0
P (A:5)
7 (A EDEAL = 0

The two last identities are helpful if, for example, the expressionA ,.bA .. is to be
expanded. The fth identity can be used to prove, by induction on the grade, that
a ¢B,; is generally a blade of gradd j 1. The inductive stepsj 17! s would be

sj l;blade
Z
([B inbs] * bs) ¢a = [Bnbs] (bs ¢a? i ([Bgnbs] ¢a? Nbs:
=% —=z
si 1-blade Sj 2- blade by

ind. hypothesis

For the next fundamental proposition the following de nition is needed.
De nition 2.8 (  (u;v)-shuze):
Let | = u+ v. A (u;v)-shu?e is a special permutation from the set
( —
Z1- 1) < H(2) <:ii<¥(u) - |
S(u;v) = %2S()= @ 42) 4(u)
1 FHu+l) <¥(u+2) <:::< %) - |
Itis S(u;v) LS (u+ v). y
Some (34)-shuzes 342 S(3;4) of (1;2;:::;7) are for example
3 .
Y1), %42); 47 = (1:23; 4,5,6,7);

(5:6;7; 1,2;3;4);
(1;4;,7, 2;3;5;6);
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As a (u;v)-shuze is uniquel}é dei_ned¢by the rst u elements it follows that the

. . . . + + .
cardinality of S(u;v)is “Y or "V, respectively.
Proposition 2.8
The inner product of two bIadesAhki and B Hi k - 1, can be expanded as follows
X 3 ‘h [k i
%2 S (ki li k) r=1

with the abbreviation % := %i), 1- i- I.

The proof of proposition 2.8 is somewhat extensive and can be found in section
A.3.3 on page 247.

Example 2.9 (Inner product of blades):

Consider the bladesA ,, = a; " az and B,,; = by ™ by " bz " bs. According to
proposition 2.8, their inner product can be evaluated via

£ o} £ o}
A By = + £Ah2i ¢(by * bZ)Q(bSA ba) i £A ki ¢(by » b3)0(b2/\ b4)
+ £A roi ¢(by » b4)u(b2/\ bs) + £A roi ¢(bp N b3)n(bll\ ba)
i A ¢(b2” bg) (b bg) + Ay, €(bg”™ bs) (b " by)

It remains to specify how the inner part A ,; ¢(by, * by, * i by, ) of the equation

in the previous proposition can be calculated®. This can be achieved by combining
corollary 2.8, stating that A,,; ¢B . = [A,;nax] ®(ax ¢B,,;), with proposition 2.7
in a distributive manner.

Corollary 2.15

The inner product of two blades A,,; and B ,; of equal grade can be calculated
by means of the repetitive application of

Xk .
A ¢B . = (i 1)'i L (ak ¢bi) [A 1 na] ¢[B 1y nbi]:
i=1

This can, however, be generalized a little more.

The exactly matching expression and the proof are stated on page 250.
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Proposition 2.9

The inner product of two blades A ,; and B ,,; of equal grade can be calculated
via
X YK i ¢
Ani BB i = sgn(%3 i (i 1) Py
25 (k) j=1

Example 2.10 (Inner product of blades of equal grade):
Let AtBi = a;Max” az and BI"Bi = by by bs.

A 0B = + (asth)(azthy)(asths);  %=(1;23)
i (as ¢hy) (a2 ¢bs) (ay ¢by); %= (1,3,2)
i (as thy) (a2 ¢by) (ay ¢ba); ¥=(2;13)
+ (asthy)(az ¢hs) (ay ¢hy); ¥=(2;3;1)
+ (asths)(az ¢thy) (ay ¢hy); ¥%=(3;12)
i (azthbs)(az thy)(ai ¢hy); ¥%=(3;2;1)

The special caséA ,,; = a1 ™ az and B,,; = by by results in
(a1 ™ az) ¢(b1~ b)) = (az¢by)(ag thy) | (az¢hy)(ai ¢by); (2.45)

which is known as theBinet-Cauchy identity.

Now let I ., be de ned as on page 32. Then, a more general version of the identity,
expressed in matrix notation, reads

X
det(ATB) = det(ATjV)det(Bj,); A;B 2 "K: k<n: (2.46)

Vzlk:n

From the de nition (2.31) of the outer product it follows

K K
( a)e( by) = det(Ajv) det(Bjy) (eyyev) :::evky)?
i=1 i=1 V21 e
X T:v ; 2
= det(A ] )det( ij) (ev(l) ev(z) . :ev(k)) ) (247)
v21 ken

where the columns of the matricesA 2 "tk and B2 ™K hold the coexcients of
the vectors, e.g.ai = Ailej, i 2 [1;k] . This shows that proposition 2.9 is in fact
the Binet-Cauchy identity 1.

1 Since the term (ev) ev :::ev(k))2 in equation (2.47) might square to minus one, equation
(2.46) is reliably obtained by employing the conjugate A ,; ¢B Y, ., see section 2.3.2.
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2.3 Extended Concepts of GA

In this section several ideas are to be introduced by means of which important GA
operations can be carried out. These ideas are related to special constructs as the
reverse, the inverse or meet and join. Also, the concept of duality, the practical
role of outermorphisms and the mechanisms behind transformations like rotations
are to be dealt with.

Null blades

Note that many relations presented in the rst part of this section are
not universally valid in that the existence of null blades is not taken
into account. In such cases hints are given at the respective passages or
equations.

Adaptations to null blades are subject of section 2.3.5.

At rst it is focused on one of the most important involutions of geometric algebra
- the reverse.

2.3.1 Reverse

Indirectly, the reverse has already been used in the context of corollary 2.10. There
the order of anti-commuting vectors in A,,; has been switched fromz;z,:::zy to
ZyZk; 1-::Z1 in order to determine the square ofA . . Informally spoken, the
reverse applied to an operand is the operand itself unless the operand contains
a multiplication. In this case the order of multiplication is (recursively) reversed.
Hence scalars and vectors are per se invariant under reversion. With this properties
the reverse is an involutive anti-automorphism.

De nition 2.9 (Reverse):
Lete = eje,:::e,, = fi,., 0, be a basis blade of gradé&k = j j. Then the
reverse ofe is denoted bye and de ned as

e = €i, €y, , - -6y
The reverse is distributive w.r.t the addition of elements of!

AB2! ,y 2) (A+B) = B+ B:

¥

Given a basis bladee = eje, the reverse can equally be de ned in a recursive
manner by e = e €.

For vectors f a, .., g the reverse satis es

»

(aiaz:::ak)

(ar™ax” M ay)”

dkag; 1---a1

agMag; 1M N an
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According to the above de nition it is

PiG Qi

e =(j1) =z e (2.48)
and especially
i, = (i)  mi; 0 i-n
k (ki 1)
A (1) 2 Ay

The next proposition should not be taken for granted since two basis bladee and
e could have several basis vectors in common.

Proposition 2.10

Let e and e two basis blades of 4. Then the reverse(e e/ )” of the geometric
product e e is
(e e) = ee:

Proof: Let e« = e e with u:= jlj, v.:= j'j and w := j#]. Furthermore, let
$=1\" with z=j$j. It then must be shown that
(2:48) w(wi 1) (?) u(ui v(vi 1)

e = (il)"z e Y (i) z (D = ((1)V*ee
¢25) (i 1)u(u2i . @i 1)V(V2i . ee
(2:48)
= e e :

To show the (v)-equality, the signs to the left and right of (v) must be equal, thus
wwi 1l "2 u(uj )+v(vi 1)+2uvij 2z
0 wW2iw o (Ut Vv)?iouj v 2z

where the ” »-sign is meant to indicate a congruence modulo two. By means of
proposition 2.2, it is known that w= u+ v 2z:

(U+ V)?j 4u+Vv)z+4Z%f uj v+2z 5 (U+V)?j ujvVvj 2z
0 i 4u+ Vv)z+4z%2 7, | bz

Both sides are obviously even - even if the division by two is reintroduced - with
the result that the above (©)-equality is true. ¥

By the distributivity of the reverse the following computation rules hold

(AB)Y = BA
(AAB)Y = BAR
(A CB)” = B¢k

Finally, consider a versorV = vivo::ivk 2 pq. By noting that
V¥ = vivaiiivg ViV 1:iiiva

it can be seen thatV ¢ 2
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2.3.2 Magnitude, Conjugate and Inverse

One of the biggest advantages and likewise one the biggest disadvantages of the
guadratic space P is that it is not a metric space, that is no norm is available.
This might get a numerical problem because it is often bene cial to scale data in
such a way that the mean of all values gets close to one. The use of the inner product
is not advisable for this task. Consider for example the vectoa = 6e;+3e,j 5e3 2

L2 1t squares to two and would therefore be already very close to the target of
one. However, evaluating 6 + 32 + 52 gives 70 rather than two, which shows the
inappropriateness of possibly inde nite products like the inner product. Another
issue arises when working with null vectors: what would happen if a vector is to
be projected on a null vectorn - irrespective of whether it would make sense or
not? It would be necessary to scalen to unit norm in the manner of n= n2. In
order to meet such requirements theconjugateis introduced by which a magnitude
for general multivectors can be declared.

Similar to complex conjugation, the conjugate negates those basis blades of a mul-
tivector that would square to minus one. Like the reverse, the conjugate is an
involution.

De nition 2.10 (Conjugate ):

Lete 2 Pdpe abasis blade. Then the conjugate of , denoted bye”, is de ned
as

e = (e?)e

¥

If ¢ denotes the number of basis vectors ire with negative signature, i.e. ¢ :=
jfu2!jed = lgjandthus (j 1)°= e e , a slightly more intuitive representation
for the conjugate can be speci ed

e (e?)
ee e due to €2 = e?
(i 1)°e:

ey

The involutive character of the conjugate is revealed by
e = ((in°e) = (iD*8 =e:

Just like in complex conjugation an odd (imaginary) and an even (real) part of a
vector may be calculated by

Aeven = %(a + aY) and Aodd = %(a i a¥);

with
— — 1 .
Aeven ¢aodg = 0 and Aeven " Aodd = 3 a’" a:
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Proposition 2.11
Lete ande two basis blades of 4. Then the conjugate (e e )Y of the geometric

product e e is
(e &) = g€

Proof: By means of equation (2.35) a scalax can be determined such thate e, =
(i 1)*er e . However, exchanging the basis blades twice, as in the last line, intro-
duces no sign.

(ee) = efe
(e e)?(ee) e?e’e e

Fizy © © Fild

swap swap

e e e e ee€

¥

By the distributivity of the geometric product, and since inner and outer product
are also de ned in terms of the geometric product, these rules apply

(AB)Y = BYAY
(ArB)Y = BYrAY
(A¢B) = BYc¢AY
and especially
Al = ay™ay ~ihay

In this respect, it is important that generally
a¥ 6 8a andthus A}, 6 §A

because the number of basis vectors with negative signature may vary between the
basis blades ofA . . Let x = e1+ €22 1. Then, the result of x * x¥ = j 2er,
shows that for generalx 2 PA

X AL =0  H XNAL. =0:

Note that the conjugate and reverse operation commute as their result ultimately
di®ers by a sign.

By means of the conjugate the signature independent Euclidean inner product and
the likewise signature independent Euclidean scalar product may be de ned.

De nition 2.11 (Euclidean inner product):
Given two basis bladese and e; of .4 their Euclidean inner product, denoted
by e ¢ e/, is de ned by

e ter; jlj-j"j

e 6e =
e ¢el; else.
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The Euclidean inner product computes the inner product as if the underlying al-
gebra was a Euclidean one. Thus in , the Euclidean inner product coincides
with the normal inner product. For basis blades of equal grade the Euclidean inner
product coincides with the Euclidean scalar product.

De nition 2.12 (Euclidean scalar product):

Given two basis bladese and e; of . their Euclidean scalar product, denoted
by e o e, is de ned by

(

. . 1, if!l ="
e me = heeli=hyei=
0; else

Hence in the numbered basis introduced on page 19

8i;j 2N : E; o Ej =
The linearity of the grade projection operator allows
*
X ' x D E
hAB Yi = aibEiE] = aih EiE}

iij B
_ P P
for two general multivectors A = ;aE; and B = ;BE;. As a consequence,
their Euclidean scalar product
X X
Ao B = abEio Ej = ab
iij i
resembles, as intended, the scalar product declared in vector spaces. In particular,
the product A o« A is of importance as it is positive de nite

X
Ao A = a’:

Regarding the preceding equation it is a mere formality to de ne the magnitude.

De nition 2.13 (Magnitude ):
The magnitude of an arbitrary multivector A 2 4, denoted by KAk, is de ned

as p
kKAk = Ao A 2

¥

Hence the expressiom fki mentioned in corollary 2.10 is already pretty close to
the magnitude of a bladeA ,; , but it lacks the positive de niteness. By observing
that D E D E

Ani @ Bpi = ApiByi = A OBy = 5 Agg 0By
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it can be deduced that

o Api = Apg CAL:
In contrast to the inner product of a blade with itself, the inner product of a blade
with its conjugate cannot be expressed in terms of the geometric product. Compare,
for example fora = e; +2e,2 11

atay = 1+4 and aa¥ = 1+4 | 4dess:

Finally, notice that a null vector n is perpendicular to its conjugaten?Y since

nenyY = n¢en¥”Y = nden =0:

Inverse

The principle of building the inverse in geometric algebra is simply

ba
b =1
® |aay

(ab)i 1

The equation clari es that such an inverse can only exist for versors, i.e. geometric
products of invertible vectors, cf. de nition 2.7.

De nition 2.14 (Inverse):
Let V 2 4 denote a versor. Then its inverse can be calculated by

vil = A :
V¢
Hence given a versolV = vi1Vy:::Vk, the inverse can equally be stated as
Vit = vitvit ovitvit
The term V i 1 is both the right- and the left inverse of V asV ¢ = @V .

The inverse of a basis bladee coincides with the conjugate because ot e =
1=(e e )

e = ee e
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2.3.3 Duality and the Pseudoscalar

It can almost be guessed from the expression itself that the dual operation is an
automorphism and almost (up to a sign) an involution.

De nition 2.15 (Dual):
Let A be an element of 4. The dual of multivector A is denoted by A® and is

de ned as
A% = Alil

Hence in spaces wheré? = +1 the dual operation is an involution as well.

The behavior of the pseudoscalar depending on the signaturep(q) of an algebra
p:q IS depicted in gure 2.6. The gure as well shows whetherl commutes with
all multivectors of 4. It may easily be veri ed that

n(nj 1)

Aggl = G DDA and 12 = (i 1) 2 (i 1% (2.49)

Self-evidently, 1 i 1 behaves in the same manner as, i.e. it squares to the same
values and only commutes ifl commutes. From the result of the previous section
that the inverse of a basis blade is its conjugate follows

1Pl =1y =02?1:

=T R L R " L= 2T |

Fig. 2.6: Pseudoscalar: a white square denotes an algebrap.q wherel 2,4
squares to plus one, so thatl i1 = |. A disc indicates that the pseudoscalarl
commutes with all elements of that algebra.

It is known by equation (2.31) that the outer product of n vectors is

arMax™:iiMNap = det(A) erer:iien = det(A)l;
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where the matrix A holds the coezxcients of the vectorsfa,.., 9. As the pseu-
doscalar| is proportional to the outer product of n linearly independent vectors,
the pseudoscalar spans the whole spaceP9. This has profound rami cations: the
geometric product of a multivector A and | , and sol i 1, is always identical to the
inner product of the two elements because¢ comprises alln basis vectors such that
equation (2.37) applies. Thus for everyA 2 4

A" = ATt = Ak

Ref:all from corollary 2.8 that (A Ir] A B[S]) ¢C[t] = A[r] ¢(B[S] ¢C[t]) i® t, r+s,
which now reads
(A "Bl = ApeBglth);  ifn, r+s
or simply
A" B[S])n = Ap¢B [”S]: (2.50)

(A ¢B [S])“ = Ap" B["s]; s, I (2.51)

The second very similar identity can be derived from equation (2.50) by
h3 T
An"Bg = A Bl = At (Bt 11T
@:s0) I

[
i1 il

A ¢B gl 1) I

The second line follows ifn , r+(nj s) henceifs, r.

In case of a vector and a general multivector the following rules apply:

(a”"B)” = a¢B” (2.52)
(a¢B)® = a~rB": (2.53)
Again, the second identity arises from the st onel? via
a"B® = a~@Blil = £iaA (Bl i 1)¢| "l
(2:52)

£ B
a¢@Bl i) it
= (a¢B)™
With the help of the dual, a relation between corollary 2.7 and corollary 2.13 can

be established. Given a vectoix and a bladeA ; it is known from the corollaries
that

XMAi =0 i® X2 A and  XCA,, =0 i® x? A.:

12Note that the st identity ( a” B “])“ = a¢B ﬁ] also holds for | = n as both sides take on the
value zero.
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But equation (2.52) implies that

XAAL =0 (X"~ Ap)® =0

o _ o . (254
0 X CAZ. = 0 0 x? AB.. (254

Hint: if A, is a null blade thenx ¢A ., =0 does not implyx ? A ., becausex
might be a null vector that is part ofA,,; . If X, however, is a null vector butA ;

not a null blade, equation (2.54) holds.

ol

Therefore x lies in A,,; i® x lies in the orthogonal complement of AL ., from
which it can be inferred that A, must be the orthogonal complement of AL .,
i.e. A ? AL Moreover, equation (2.50) shows thatA | . completesA .. to the
whole spacel :

Ani "ALi = (Ani AR 1 (2.55)
since blades square to scalars.

Hint: if A, is a null blade thenA ; ¢A S5 =0 and henceA ., " Ap, =0. The
answer to what the orthogonal complement of a null blade looks like is given on page
72.

The question remains whether the dual operation maintains the blade property,
that is, is the dual of an element a bladei® the element itself is a blade? According
to proposition 2.6, there is at least one simple way to check that the dual of a blade
is a blade again: g{yen the vectorg a, .., g a set of orthogonal vectorsfz,.., g can
be found such that :(=1 aj = z1Z,:::zk. In the context of the proof of proposition
2.6, the matrix multiplication ZQw of avectorw2 " with ZQ2 *£" would be
zero i® the algebra vectorw 2 P9 corresponding tow is orthogonal to each of
the vectors infz,.., g, i.e. w¢z; =0, 1- i - k. Thus the right null space of the
matrix Z Q consists of{pe coezcients of thenj k vectors that span the orthogonal
complement ofA . = 1, ai.

The dual of a blade therefore is a blade again. Similarly, the dual of a non-blade
X cannot be a blade since the dual of that blade (the dual of the dual)X ** = § X
would have to be a blade - a contradiction to the assumption.

The dual of a null blade is still a null blade, i.e.
Afi =0 0 (ARi)?=0;
because of

(AR = Al TTAL T = (G DMMD A A (D2

2.3.4 Outermorphism

The subject of this section is about the fact that and the way in which linear
transformations on " can be extended to the geometric algebra pq.
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Let f be the linear map on ". Setting
f(apMax™:i:Mag) = f(ap)Mf(a) ™~ f(ak) (2.56)

extendsf to the elements of . in a unique way. By linearity the basis blades
e 2 pgq of an arbitrary multivector are mapped according to

f(e)= f(e ) f(e,)r:::rf(e ) k:=jlj:
It can be seen that the linear transformation (» morphism) preserves the grade of

an outer product - this is where the nameoutermorphism comes from.

Now an insight into the e®ects of a linear transformation on the outer product is
to be given. As a byproduct, it is demonstrated that the induced generalization is
compatible with the de nition of the outer product.

Let the columns of the matrix A°2 "€k hold the coexcients of the vectorsfa¥.., g,

e.g.al= Al iej, i 2 [L;k] . Recall that corresponding to de nition (2.31) and the
de nition (page 32)

lhen = f(ve;vesiiisvk) j1: vi<voa<:iii<Vyg:- ng;
respectively, the outer product of the k vectorsfa®.., g is

0
k

alradr:iira det(A9y) ey, ey, :::ey,:

V2Ik=n

Assume that a = f (a;), i 2 [1,Kl . Asf isamap " | N, it has a matrix
representation F2 "™". Moreover, let A denote the matrix of the vectorsfa,.., g
such that FA = A% As the columns of F are the images of the (canonical) basis
fe,.., 0 letfi := f(e), i 2[1n] . Hence

adradr:iinal = det((FA)jy) ev,ev, ::: ey,
V2| e

X X _ _
= det(Fjy) det(Ajw) ev, ey, :::ey,

v2I ken w2l ken
X - X -
= det(Ajw) det(Fjy) ev, ey, :::ey,
w2l ken v2I ken
= det(Ajy) fy,  fy, * i M 1y,
V21 ken
= det(Ajy) f (ev, ey, :::ey,)
v2 I ken

= f(aiMax"::: ™ ayg)
where in (0) the Binet-Cauchy identity, as given in equation (2.46), is used.

Note that combining a linear transformation with the conjugate has to be taken
care of. For example, iff (e;) = ex in L1 it follows f (e1)Y = €} = i f (ey1), but
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f (e]) = f (e1). Hence building the conjugate and doing a linear transformation do
not commute.

Example 2.11 (Linearity of the Re°ection):

Let a and x be two vectors from P4, Then, by the bilinearity of the geometric
product, the re®ection b := xax of a in x is supposed to be linear ina. This is to
be ascertained here. First equation (A.24) is used giving

b = xax = 2(x ¢a)x | x?a:

For simplicity it is now assumed that q =0, i.e. a;x 2 N With x = x'e; and
a = ae the k™ componenth, k 2 [1;n] , of b is

b

2(x1a1 + Xoap + i+ Xpan)Xk i X 2ay

2X1Xkay + 2XoXkaz + 111+ (2X2 | xP)ag + 11+ 2XnXkan;

so that explicitly

2 32 3
(2x2i x?) 2xox1 i AnX1 a1

g 2X1X2 (X3 X?) i 2XpX g Eaé _
2X1Xn 2KoXn il (%2 x?)  ap

The Role of Versors

A versor, the geometric product of non-null vectors, has always an inverse accord-
ing to de nition 2.14. The importance of versors arises from the importance of the
re°ection, which embodies the most fundamental transformation of geometric alge-
bra: as already mentioned in the scope of equation (2.40), for the case of blades,
a versor represents successive re°ections in the constituent vectors. The practical
use of the re°ection operation comes to the fore especially in chapter 3, where it is
dealt with versors V satisfying V¥ = 1. Given a versor V %= v¥:::v?, this can
be achieved de ning

\YAY

v v
V = qi qiqL q% = V1V lllVg;
V% g VS VR

where, self-evidently,v; := vo- jv&3, i 2 [1;k] . The following product illustrates

[

the transformation of a vector a by V, V¢ = 1.
b= Va® = vivaiiivg 1vkavgVg; 1:::VaVs

Note that
b2 = Va®Vva® = vVa®¢ = a%
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Since each re°ection is a linear transformation, a series of re°ections is equally a
linear transformation, i.e. the composition of the linear transformations. Conse-
guently, the action of a versor can be extended, by means of the outermorphism
de nition (2.56), from vectors to all elements of geometric algebra. Below it is to
be shown that this extension is particularly simple.

The property V¥ =1 is now being used. LetC = AB be the geometric product
of arbitrary multivectors A;B 2 4. The versor, applied as a sandwich product
to C, acts on all constituent parts in the same way it acts on the whole

VC® = VAB® = VARVBE = (VA®)VB®):

This may be exploited in respect of the commutator and anti-commutator product.
Consider, for instance, the outer product of two transformed vectorsa and b,
respectively.

(Vag) " (Vbe) (Va®)£ (Vbe)

i ¢

= %'Va\?Vb\?i Vbe Vae
; ¢

= %'Vab\?i V ba ¢

3

\Y }(abi ba) ¥
3 2 -

vV af,b '

This has rami cations. Recall that, pursuant to equation (2.34), the outer product
can be expressed by means of an alternating sequence of commutators and anti-
commutators between the involved vectors. A similar relation holds for the inner
product of two blades, see corollary 2.9. Likewise any other combination of com-
mutators and anti-commutators between vectors and/or blades gives either zero or
an in-between product, di®erent from the inner or the outer product. By the above
relationship, recursively applied, it is shown that the extension of a (linear) versor
transformation to these products simply di®ers in nothing from the application to

a single vector { it just consists of building the sandwich structured product.

The recursive application in case of an expression involving an inner and an outer
product, for example, amounts to
(Va®) e((Vbi )" (Vb#)) = (Va®)E((Vbi#)E (Vb))
(Va®)f (V (b1” by)¥)
V (af (b1 by))@
V o adt(bi” b)) &:

Of special importance is the fact that versors, withV ¢ = 1, do not alter the inner
product
(Va®)e(Vbe) = V(acth)¢ = ach:
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Hence the transformation of the whole is actually the transformation of its parts.

What makes these properties so bene cial is, for instance, that equations or rules
may rst be established in a simple coordinate system and do then also hold in their
re°ected, rotated or translated versions. A case in point is the conformal geometric
algebra, which is the subject of chapter 3.

Make yourself aware of the possibility of versors acting on versors. LebhV n be
the re°ection of the versor V in the unit vector n, n2 = 1. The e®ect of the
transformation ensemble may easily be inferred writing

(nVn)x(n¥n) = n(V(nxn )¥)n:

So the action of V eventually takes place, but in a temporally di®erent frame. It
amounts to the same, butnV n can as well be interpreted as the new modi ed
versor V O Let, for instance V. = vivs,:::vy, such that

2}t 4

nvn = nvivaiiivgn = (nvgn)(nvan):ii(nvign) = vivd:ivl = v @

Last but not least, when applied to a k-blade, the versor likewise transforms the
dual of that blade

VAH(i\e = V(al’\azA:::’\ak)\?
V(X1 X2™ i X k) 8

(i DKMED V(XA X ™ i X k)R
= (j DKMD VAR @I, (2.57)

(2:49)

where it was assumed thata; ™ ax ™ @i ag = (X1 X2 11 X k).

2.3.5 Subspace Considerations

By the next couple of de nitions a phrase like "... x lies in A,,; ' can be stated
more precisely.

De nition 2.16 (Outer product null space):

Given a bladeA ,; 2 pq, its outer product null space (OPNS) comprises all points
from PAthatlie in the subspace represented byA .. . The OPNS ofA .. , denoted

by ! er(A ), is de ned as

ler(Ay) = fx2 PAjx~ AL =00

¥
Strictly speaking, the OPNS is supposed to be de ned indepengently of the signa-
ture. It should, however, be clear thatx 2 | er(A,;), with x = L, xje; 2 P9,

is equivalent to x°2 ! er(A ,..), wherex®= " L, x;je?2 2P aslong asa+ b= n.
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De nition 2.17 (Inner product null space):
Given a blade A,,; 2 pgq, its inner product null space (IPNS), denoted by
l'er"(A,;), consists of all pointsx 2 P9 that satisfy x ¢A . = 0. Therefore
its de nition is

ler(Ani) = fx2 P9jx ¢A,, =0g:

According to the last two de nitions it follows
ler@) = P9 1er@2 )= fog

ler(0) = PA ler'(®2 ) = Pd

and
3

Bpi =0 0 dim ler(Ay;) \ terBy) > O

Ani

Subsequently, two new expressions are to be introduced - theuter sum and the
inner di®erence These expressions are chosen to re°ect the belonging to the outer
product and to the inner product, respectively. The corresponding de nitions are
given in terms of sets, but they are intended to be used with subspaces.

In the scope of this thesis the outer sum amounts to theinternal direct sum and

is solely formally not the same. Besides, the outer sum can be associated with the
Minkowski addition. The inner di®erence" 2 # of the two point sets" ;# p P4
retains only those points of" that can be considered completely orthogonal to# .
The inner di®erence is therefore dependent on the inner product.

De nition 2.18 (Outer sum):
Let" ;# p P9 Then their (outer) sum, denoted by " © #, is de ned as

"O# = fa+bja2" ;b2#gqg:

¥

Note that if " and # represent vector spaces, their outer sum yields the joint vector
space
" O# = Spanﬁ ap.r 9 [f b1:::59 [f C1::1 99,

such that fa,... g[f b,...g[f c;.., gis a basis of the new vector space, and where
" =spanff a;.., g[f c,.,ggand # =spanff b,...g[f c,... g9, respectively. Hence
fc,..; g denotes the basis of a common subspace of and # .

By this de nition, the OPNS of the outer product of two blades A ,; and B,;; can
be evaluated by

Agi"BLi 80 =) ler(Ap; " Bhi) = ler(A,;)©ler(By),
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where each elementc 2 er(A,; * B};;) corresponds to a uniquely de ned pair
(a;b) 2 er(A,,)£ er(By) suchthat c = a+ b. Regarding the outer sum of the
vector spacesl and" , as above,fc,...g= fg is required.

From section 2.3.3, and especially from equation (2.54), it can be deduced that

erAni) = er(An) er(Ang) = er(Ayg)

er(A)© erf(An) =  er(AL)O er(Af;) = #P9
where in case of a null bladeA,,; , the outer sum is not a direct sum any more

because it exists a common subspace, i.e. dimer(A, ;)\ er(Ay,)) is greater
than zero. This is detailed in the section starting at page 72.

De nition 2.19 (Inner di®erence):
Let ! ;" u #P9. Then their (inner) di®erence, denoted by! 2 " ,is de ned as

la" = fa2! j8b2" :a¢th=0g¢:

Especially, let
la." = fa2! j8bh2" :amb=0g

denote the Euclidean inner di®erence.

Fig. 2.7: Orthogonal complements: the spaces indicated by the blue and the red
line are orthogonal. Similarly, a, and a, are assumed to be orthogonal. The blue
“decomposition’ ofa is meant to be perpendicular.

Just as the outer product is related to the outer sum, the inner product is related
to the inner di®erence: by the considerations on page 51, it is known thaa ¢B

is the orthogonal complement ofa in B, if B3, 6 0. This exactly matches the
de nition of the inner di®erence ifa ¢B,;; 6 0

er@¢B,;) = er(By)? era):

Hence ifB3, 6 0 and a ¢B;; 6 0, it may be written
3

er((@a¢By;)¢B,;) = er(By)? er(By)? er@ ; I, 2
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These relations are of special importance as the orthogonal complement of the
orthogonal complement ofa in B, in B,,; , thatis (a ¢B,,;) ¢B,;, must’® be the
projection of a onto B ;; , cf. gure 2.7. Recall that this has already been "gured

out on page 50, although under the condition thatB ﬁi =1.

Aside: It is always a problem if the argument E' of er(E) attains a scalar, which

is why several conditions, e.g. likea ¢B ; 60 or |, 2, have to be stated. Omitting

these conditions would, however, require to put an upper limit to the OPNS, i.e.

to write er(B,;;)\ er@¢B,;,)= er(B,;)? er(a) ratherthan er@@¢B;) =
erBy;)? er@).

Example 2.12 (Projection of a vector):
The orthogonality of a ¢B;; and (a ¢B ;) ¢B;; can be shown via
3
(a¢B) ¢ (adBy;) ¢By;

D E
I (@eBy)(@atBy)Byii (i 1)'it(atBy)By(atBy) I 2

= 3(@¢By)’mB (DX 468y (a €8y )(a 0B )i

N
Hity, 2

Equation (2.42), thatis A ,; ®(A ; ¢B ;) = 0if k<I, immediately implies that if
AL B, 60

er(A,; ¢By;) = er(Byi)? er(Aui) k<l
and in concordance with equation (2.43)
er((Ay; ¢By)¢By) = er(By)2d er(By)? er(Ay) k<l
The previous identity describes a projection ofA ., onto B, . Regrettably, it is
only valid for non-null blades. For a better handling and understanding of null

blades, it is now being dealt with frames of such. Then the discussion of how a
blade can be projected onto another blade can be continued; see page 76.

The Issue of Null Blades

Consider the mutually orthogonal vectors! = fng[f z,.., g, wheren is assumed
to be the only null vector, i.e. n2 = 0. The vectors ! = fng[f 7\;’1::kg with
zi0= zi+,in,,;2" andi 2 [LK] , are still orthogonal. Let Zni = :(=1 zi and

3Up to a scalar factor
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29, ="k tively. It foll NZpi =N Z% andevenzd, = Z %
i = ieq 2D respectively. It follows n Wi and evenZ 2. i -
But Z 9, has a certain 0®seh * O, . ,;

X
2% = @i+.in)= Zy + N " Op 1
i=1

XK .
where  Op. g = G, [Zninzl:
j=1
It is therefore not desirable to work in the primed basis °. In order to fully remove
the ambiguousness the following operation, which will later on be calledejection,
can be used
5= 70 nY ¢z°n.
' ' hyen
As a result it is obtained that nY¢z = no z =0 in additionto n ¢z = nYa. z =0.
The de nition generalizes this concept.

z2f ZO1:::k g

De nition 2.20 (Sound basis):

Let 9= fn%. g[f z%..9 denote an orthogonal basis such that additionally
n®=0,i 2 [Lr] . Then the sound basis is de'hed as = fn,... g[f z,..;g, such
that 8x;y 2 :x6y, x¢y =0,and moreover,8x 2 ,8y2fn,.. g:x6y
, x@y=0. y

Hence all elements of a sound basis are mutually orthogonal. In addition, the null
vectors are mutually perpendicular. Finally, the space spafz, ..., g is perpendicular

to the space spafin,... g. Recalling that a & b = a¥ ¢b demonstrates that the

conjugate of each vector infn,... g is orthogonal to the remaining ones.

In order to achieve that the null vectors become mutually perpendicular as well,
a Gram-Schmidt orthogonalization of fn° 1 9, carried out in the Euclidean space

I " can be used. Ehel th vector n; can then be represented by the linear transfor-
mat|on ni=nPi 4 .in{ with suitable factors ,j 2 ! . This transformation
corresponds to a lower trlangular matrix with determinant one such that the linear
independence of the vectors is preserved. Besides, the orthogonality regardihg™9
is preserved as well. In practical applications, the magnitude of the blade that
might be associated with the basis could make it necessary to apply a scaling to
the new basis.

The concept of the sound basis extends in a natural way to a basis df P9, Let
= fn,.,g[f z,...g be a sound basis. Observing than} o nj = n’ ¢n; =
ni ¢nj demonstrates that

8n2fn,..,.g8 2 : nYo.x = 0:

Consequently, the space spanned bX/the conjuga}efsnyl . 9 is perpendicular to
span . Further, the blade Z9,,; = ( i1 ny) A ( =y nj) is not a null blade as
(nY~ n)2 = knk?. Hence an orthogonal basid z,.., g can be determined from the
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d 0 A VS )@ Vt =\ 70 A VS .

ual (Z %pri —1 Zi)" such that ( =1 Zj) N Zhoi ™ (i1 zZi) ! 1. In analogy
with , the frame fZ,.., g can be chosen to be perpendicular tdn?Y,... g. Hence
- =fz.,9[fnY.,gis asound basis as well that completes to an overall
basis of! P9, Note, however, that [ is neither a pure perpendicular nor a pure
orthogonal basis since, for example, for any null vectonY ¢n 6 0. So eventually,
null blades induce a partitioning of ! P9 into the two complementary sound frames

and .

Equation (2.55) brings up a problem: the outer product of a null blade with its
dual is zero rather than the pseudoscalatd .

Aﬁd:o 0 (Aﬁki)zzo 0 Ani " Ak =0

This implies that a null blade A ; and its dual A, share a common subspace.
In the case ofA ;= n, n? =0, the only space that can be shared is itself. It is
therefore suggesting that the common subspace is spanned by those basis vectors
of A, that square to zero. This is now to be analyzed.

Example 2.13 (Null blade):
Let A, = (es+ e4) " e 2! 31 with n = e3+ e4. Hence the pseudoscalar is
| = egpzawith 111= 1. Then, at rst,

n®=(es+ )" = jeexes+ ey = jee”n:
Now consider the dual ofA,,,
Afi = Apl T = ezes+ ezes = €27 n:
Moreover

n¢ALnn]" = n el = exes+ exes = €27 n = Af:

n? =0 and thus A3, = 0. Then the dual of A,,; can be expressed as
Afi = (1™ (zazz:z) Y = np@(zoza:iz)l 't = np ¢[A g™

Note that ([A ,;nn 1]%)? 6 0 and thus [A i a® [Anna]® /1, which shows that

ni 2 "er([A,;nn1]°). This is intelligible, because the dual of that spacé* that is
orthogonal to a certain vector contains the respective vector again, cf. equation
(2.54). As a consequence, it exists a basis for the j k + 1-blade [A ;nn1]" that
includes ny. But this basis, say fni;by;bs;:::;bn k19 %2 ! P9, cannot be an

14 The space of a non-null blade.
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orthogonal one; ifny ¢by = 0, i 2 [2nj k+1] , including nZ = 0, then the
expression

nixk+1 _ h i
Afi = n1¢[Agnng]° = (G D' (nach) [Apgnna]®nb;
i=1
attains zero, which cannot be true asA ; 6 0. It must therefore exist at least one
vectorby 2 P9 x2[2nj k+1] ,with nydth, 6 0. Further, for the corresponding
remainder it holds
ny 2 !er([[A ;nn1]" nby]);

which proves thatny 2 ter(Ap,;) andny 2 Der(A ;).

RP:4

><kk> A(k:)

Fig. 2.8: Null blades: if N, is part of A ; then N . is part of A, as well.
The perpendicularity of the subspaces is indicated by the right angles between
the rhombi. N,; and N ﬁ’i are parallel (perpendicular) w.r.t the inner product

(Euclidean scalar product), although N ﬁ{i’\ N, 60.

The next example reinforces the assumption that the conjugate ofi; might be the
sought vector by for frame of [A |, .nn (]°.

Example 2.14 (Null blade - continuation):

Recall the situation in example 2.13. A possible basis fofA ,,nn]* arises from the
evaluation
3" (es+ eq) " (e3i €4)

= fex ninY:

[Ann]® = ef = | ezxeseq

Andeven(er1+ ,n)"=n”"e” (,e1+n¥=2),, 2

With the help of equation (2.53), and since A, ;nn1] is not a null blade, it can
indeed be substantiated thatn 2 ! er([A,;nn1]°)

3 ’ 3
o] o]

N AAR® = n¢ALmi] = ni6[Agnni] = 0:

Here it is exploited that the basis of [A |, ;nn1] is sound regardingn ;.
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It is now possible to write

/ [Annn 1] [Apqnal®nfni;nig A ng”nY
/ A © h[A hn 1]ann1;n{gl A nxl/
/ A ™ ([Annq]® ¢nY) enqg) A nd

(2:44):5: A A (A pan o onY)

Hence the complement of a null bladeA,,; can be obtained by turning the null
vector into its conjugate and building afterwards the dual. This technique may
also be extended to the case where more than one null vector is involved, i.e. if
Ani = Ny~ A% i then
3 - 3
L7 N "A% 0 N N M A%

el

This result can immediately be veri ed by means of equation (2.51). Note that a null
blade has noorthogonal complement w.r.t P9 becauseA ; is not a complement

of A,,; and because K ﬁi n thki 11)? is neither orthogonal nor perpendicular to

A -

The following considerations are in particular signi cant when dealing with the
factorization of a blade.

Projecting with Geometric Algebra

Let ! =an1:::r g[f z;...9 be a sound frame for the null bladeB ,; , speci cally

Byi = ( iz Ni) ™ (i1 zi). An arbitrary vector a 2 P9 can then be expressed
a = zi+®n!+&n;+°'z;

such that ! = fnY,.. g[f Z,.,gis a sound basis as well. The set§z,...g and

fz,...g can be assumed to be orthogonal, too. Consider the inner product

a¢By; = ®( 1 H(n)eny) [Bynni] + °I(G D)z [Byinz; ]

Hence then-parts of a that lie in "er(B ;) have no in°uence, and thenY-parts
that do not come from " er(B ;) produce components ina @B ;. This explains why
the inner product cannot always be used for projecting in geometric algebra.

This problem cannot be overcome easily. Nevertheless, it is always possible to
invoke the "Euclidean alternative' if A . ¢ B, 6 0

"er(B ;)% "er(By) - "er(Ay) = "er(Any ¢ Bpy)6 By

= " er((A{ki ¢B ;i)Y ¢Bi):
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In this case, A is self-evidently perpendicular, but not orthogonal, to the result,
that is 3 g
Agi ¢ (AY ¢BL)Y¢By, 6 0:

The dedicated projection formula may further be modi ed as

(Al B i) By, (B CAn) By, (2.58)

(i DD (AL 6B ) 6By (2.59)

Note in this respect that here (A, ; ¢B}.) ¢B,; 6 (A, ¢B),)B,, because of the
Euclidean derivation. Nevertheless, an even better choice for the projection, which
can handle the cas&k = |, is
D E
(A i ¢B%i) B hi

Any projection must ful Tl the condition that the projection of a space onto itself
is the space again. Then

. D E |
(DD By ¢BY)By | = By
implies at “rst that
B
y r .
i ' g 1@
|

Moreover, as the projection has to be an idempotent operation, projecting a pro-
jection must not change all prior projections. Let e and e, be two basis blades
with  p !. Hencee can be considered a projection onte, . Then

(e ¢ef)te, = (e ¢(e)?e)te; = (e)’eee = e; (2.60)
which shows that the sign ( 1)k('i 1 must be discarded; recall that equation (2.58)

comes from subspace considerations only, i.€.er((A,; ¢B %i) MB)="er(i (A,¢
BJYi) 6B ).

De nition 2.21 (Euclidean projection operator):
Let A,,; and B,;; two blades with k - |. Then the perpendicular projection of A  ;
onto By, , denoted by Pg (Ay;), is de ned as

* +

y 5
_ B hi
Pg, (Ani) = A i ¢W By
|

i
¥

Aside: By the Euclidean projection operator any blade can be factorized into its
spanning vectors. An appropriate algorithm is stated in [93]. The obtained frame
can then be orthogonalized regarding PA.
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If both, A ,; and B,;; , are non-null blades the projection with respect to the inner
product can be used.

De nition 2.22 (Orthogonal projection operator):

Let A,; and B, two non-null blades with k - I. Then the orthogonal projection
of A,; onto B, , denoted by Ps_ (A ,;), is dened as
h i

PBhn(Afki) - AH<| ¢BI1 BHi:

¥

The respective derivation is very similar to the one of the Euclidean projection
operator. Especially, equation (2.60) amounts to the same result in case of de nition
2.22. Here the grade projection operator is omitted as

h . li < h . li

Agi 6B ¢By = AL ¢Bit By

The counterpart of the projection is the rejection.

De nition 2.23 (Rejection):

Let A,; and B,;; two non-null blades with k - I. Then the rejection of A, onto
B, is de ned asA ; minus the respective projection. The Euclidean rejection,
denoted by R'g (Ay;), is de ned as

Reg, (Ani) = AniiPrs (Ap):
Accordingly, Rg i (A ;) denotes theorthogonal rejection. It is de ned as

RBhH(Am) = AL iP Bh”(Arki):

¥
Note that if A, is a vector a, it may be written, similar to equation (2.41) on
page 50, h i h i
aBi'By = a¢B|! By + a~B|! By: (2.61)
I z | z
projection rejection

Now it |§/belng retuv]ed to the beginning of the current section, to page 76. Now
Bhi = ( -y ni) A" ( =1 Zi)is belng represented byB ,, = N, ,Z, ., whereN, ; =

niny: n and Z,, = z1Z:::Zs, respectively. Then
* Zi 1N y # +
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is an orthogonal projection that is as well de ned for null blades. Certainly, the
decomposition of B ;; is not available beforehand since, to the author's knowledge,
it exists no operation N, Z, 7# B, N/, presuming that Z/ ! / B, . Butif
Ehsi N ﬁ:i is at hand, a multiplicity of projections can be carried out.

For simplicity, A,,; is being replaced by the vectora = ®n; + ~ z;, represented in
the sound basis of B,;; . Components ofa that have a representation in terms
of are discarded as they do not contribute. Consider the simpli cation

ac(@ NY) (®nj + " 7)) ¢(zsZs; 1:::21nYn{, 1 110nd)

(i D' ®(n;i enY) zszg 1:::zanyny. iR iy
+ (i D)7 (z5 €z)) 2525 1120z cnizandn g oong;
whereajay:::a;:::ax symbolizesajaz:::aj; 1@j+1 :::ak.

Next consider the rst summand (®n; ¢(& ;N ﬁ]’ri)) ¢B,,; only in the simpli ed
version of equation (2.62)

(®”ih¢(2rsiNr¥i)) B i i
(i DK T®(nj ¢nY) zsz; 1:::zin¥nY, indiiind 6By,

. ki i . y YegYern ¥
|
(i D '®(njeny) hesiizinfiniiing nqiingzyizsiy

(i DRI ®(n; enY) (i 1) ThesinzinYiinYiiny N1EAGINGZeZsigNi

where the complete orthogonality of the sound basis is made use of. Hen&15i N ryri

has solely to be replaced by risilN g’ri:kN i k? in order to obtain ® 1. The summand

regarding the non-null vector part behaves in the same way.
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Chapter 3

The Conformal Geometric
Algebra

"The challenge is not necessarily to do new things using geometric algebra (though
that is always nice!), but rather to show that a single framework encompasses all
previously known results, and does so compactly.”

Leo Dorst in [21]

3.1 Introduction

Recently it has been shown [104, 106] that the conformal geometry [85] is very
attractive for robot vision. Conformal geometric algebra delivers a representation
of the Euclidean space with remarkable features: “rst, the basic geometric entities of
conformal geometry are spheres of dimension. Other geometric entities as points,
planes, lines, circles,::: may easily be constructed. These entities are no longer
set concepts of a vector space but elements of CGA. Second, the special Euclidean
group is a subgroup of the conformal group, which is in CGA an orthogonal group.
Therefore, its action on the above mentioned geometric entities is linear. Third,
the inversion operation is another subgroup of the conformal group which can be
advantageously used in robot vision. Fourth, CGA generalizes the incidence algebra
of projective geometry with respect to the above mentioned geometric entities.

As will be seen conformal vectors are embeddings of Euclidean vectors. This tight
relationship will make it necessary to introduce a special non-bold notation for the
Euclidean vectors, which are at the same time elements of the conformal space. If a
vector, with componentses, e, and ez only, is supposed to have a speci ¢ Euclidean
meaning, it may be labeled by an overset arro, e.g.

a= ae1 + ayey + azes:

LFor these elements the vector cross product £ ' (from Gibbs's vector algebra) may be utilized.

81
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If the element is known to have unit length, a hat is used rather that the arrow,
e.g. M. The same notation is meant to apply to all elements from 3% 43, i.e.
thZi 2 3 may denote a 2-blade with unit magnitude. The usual representation for
vectors, e.g.a, is kept for general CGA vectors.

In the end it is pointed out that the blade notation, for instance A, , is only made
use of if the blade character or the grade of the multivector under consideration
is of special importance. Otherwise, for convenience, just capital letters are used,
that is C instead of C,,; and likewise 8 for By .

Next an introduction to the projective conformal spaceis given.

3.2 Conformal Space %!

Here the projective conformal space #! upon which CGA bases is to be con-
structed. Later on the habit of omitting the word “projective' will be adopted so
that %! is referred to as the “conformal space' only.

Having its early roots (1816) in the work of Friedrich Ludwig Wachter, a student

of Gauss, the conformal model has become eminent mainly by the work of Li,
Hestenes and Rockwood [76, 77, 78] in 2001. A prerequisite was the introduction
of homogeneous coordinates for geometric algebra as done by Hestenes [64, 62]. It
also was him in 1966 who initially paved the way for geometric algebra [61, 63].
Not so much impact had the work of the French physicist Angles who derived the
conformal model two decades before [3]. He was basically driven by an interest in the
transformations of the conformal group, in which respect Penrose's contributions
shall be mentioned as well, cf. [90, 91, 92]. For more information on the historical
development of the conformal modelsee, for example, [93] and [76].

The subsequent presentation in the main follows [97].

3.2.1 The Construction

As realized in [3], a quadratic space P must be extended to a space with signature
(p;g=(a+1l;b+1),ie.
pa — abg 11

so as to have conformal transformations for &P in the geometric algebra pq
of P4 In the present case it is self-evidently dealt with the embedding of the
Euclidean space 2into %!, a Minkowski space The additional basis vectors of
the Minkowski plane ' are denoted bye, ande; , with e =+l and € = j 1,
respectively. The sought embedding of a Euclidean vectox 2 3, denoted by
K(%) 2 41, can then be determined by requiring that K(%) i % = ae. + be,
2 L1 with unknowns a;b2 , cf. [3].

Nevertheless, here the approach in concordance with the work of Li, Hestenes and
Rockwood is chosen. It well enlightens the notion behind the embedding because
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in this approach the embedding may be presented in a two-staged bottom-up way.

Note that the three steps of embedding a point into conformal space are illustrated
in “gure 3.1, which depicts the embedding of a one-dimensional Euclidean space
into %= © L1,

First of all, consider a unit sphere and a plane passing through the center of that
sphere. If the plane represents the Euclidean 2D-space, the sphere may be identi ed
with the Riemann sphere It is well known in this respect that it exists a stere-
ographic projection that maps a point on the Riemann sphere to a point on the
Euclidean plane and vice versa. Note that although the sphere is two-dimensional
it is a manifold contained in a 3D-space. The principle regarding the mapping
between sphere and plane may be generalized to higher dimensions, speci cally
one dimension higher. Hence the Euclidean 3D-space can be thought of as a unit
3-sphere (a three-dimensional unit hypersphere contained in a 4D-space), both con-
nected by a stereographic projection. This is basically the rst stage of embedding

3into %% introducing the previously mentioned basis vectore. , the required
additional dimension for the hypersphere is obtained, whence the (inverse) stereo-
graphic projection reads

2 *¥i 1
3 | | 4
7" x2+1X+ x2+1

C: * 2 er 2 :

where C(%) denotes the corresponding operator. It can easily be veri ed that
C(%)? =1 holds for all x2 3. With the help of "gure 3.1 it can be seen that

Zero 7% i e: and in nity 7% e

Recall that a stereographic projection is a conformal mapping. Thus the points on

the unit hypersphere constitute a locally conformal image of the underlying 3D-

space °sothat “can be regarded as an in nite locally conformal covering of 3

when also taking into account all non-unit hyperspheres. For this reason, the space
4 in conjunction with the embedding C(%) is referred to asconformal space?

In order to arrive at the projective conformal space %1, it su+ces to add a homo-
geneous dimension by means of the negatively squaring basis vecter because on
de ning the embedding

H : x2 3 74 C@E)+e 2 #

it follows with C(x%)? = 1 that
3

,2
H(*? = Qx)+e = 0:

The advantages of using null vectors will become apparent soon. Before it should
be noted that using the embeddingH the representations for zero and for in nity

ZNot to be confused with the (projective) conformal space  *1.
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Fig. 3.1: Embedding - the conformal space %': x is eventually mapped to x °%0
Bear in mind that this is a Euclidean view of something non-Euclidean because of
2 — .
e = j 1.
|

(which of course is not a proper point), for example, only di®er by 2., see gure
3.1,

Zero 7'ﬂ e i e+ and in nity 7'ﬂ e +es:

This property is certainly not desirable; an amendment to the embedding can be
done exploiting that the e; -component represents a homogeneous coordinate, i.e.
(BH(x))2 =0, ®2 . Consequently, the set of vectors in “*! for which a valid
preimage in 3 can be found consists of all null vectors, and it can be “gured out
that these form the so-callednull conein 41, see "gure 3.1. The question arises
whether an individual scale®(%) 2 can be determined such that

2 the distribution of the embedded points in % metrically better resembles
the one of the points in 2 (specically, when x!1 then ®x)!1 )

2 the origin does not become a distinguished element, e.g. wit® = 0.

For this purpose consider
3 ¢ P 3 -
&H(x)i &H(y) 2&@® 1jC (X))

20xi ¥)?
IS

which suggests®(x) := (%2 +1).
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Hence the conformal embeddingof a vectorx 2 3into %! can be dened to be
K(%) := 3(**+1)H(x), that is

K : x2 3 71 x = %+ 1€ Der + 3(E+1e 2 #
= x+ 2x%(es+e )+ (e i er)

= x+ ix%e + e (3.1)
where the commonnull basisof 1?1
e = e+ e and & = 3(6 i er)
was used. The elements = K(%2 2) are termed conformal points.

This is a %reat result because given the conformal pointx;y 2, %1, the function
di.y; == (xj y)? returns exactly the Euclidean dzx-metric = (% ¥)2 for the
underlying points % = Ki 1(x) and ¥ = Ki 1(y), respectively.

Hence the derived hypersurfac&k ( 3) of conformal points in 4! has a Euclidean
intrinsic geometry. It is called horosphere the generalized concept of ehorocycle®
in hyperbolic geometry The metric within these objects is Euclidean, cf. [85]. The
horosphere can be obtained by intersecting the null con& with the hyperplane
P:=fx2 %Yed(xi e)=0g, see gure 3.1. This geometrical view st shows
that the origin is indeed an undistinguished element. Second, it nicely re°ects a
normalization with respect to the e,-component due to the plane conditione ¢x =
etey,=j 1, [76].

As mentioned in the beginning of this section the embedding into the higher-di-
mensional space %! as done before has certain implications for the corresponding
algebra 41: every vector o® the null cone, i.e. every non-null vector in 41,
represents either a re°ection or an inversion. These operations belong to the basis
transformations of the conformal group, see [79, 22], which justies why 41 is
referred to as the conformal space.

Subsequently, it is being discussed if points are the only ‘geometric objects' in 41,

Subdividing 4!
Next to their operator being in 41 the vectors of #* represent geometric objects
regarding the inner product. In particular, %! is a space of spheres.

Varying the e-component of a conformal pointx = x + %xze + e, corresponds
to leaving the horosphere while staying inside the hyperplaneP, see gure 3.1.
Letting, for example,

S = s+ (£ rd)e+ ey r2

A horocycle is a circle on the Poincar® disk (a model of hyperbolic geometry) that touches the
border (Greek: “horos’) of the disk, which represents in nity.
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it can be seert that

x ¢S = 3(r?ijj xi §%):
It is therefore justi able to identify S with a sphere of radiusr. Verify that the same
holds for any vector outside the paraboloid, i.e. the horosphere. Hence not all ele-
ments in hyperplaneP are spheres or points - the vectors inside the paraboloid are
referred to asimaginary spheresfor reasons that will become apparent later on. Due
to the homogeneity of the conformal space, the above subdivision must be extended
to vectors inside or outside, respectively, the double null cone (includes negative
scales as well). Finally, there is the hyperplane of vectors withe,-component being
zero, that is tangent to the null cone. The contained elements represent like points
a certain type of sphere: planes - spheres with in nite radius. This remains to be
justi ed, too, but observing that the IPNS of every plane includes e - the element
representing in nity - gives a rst hint that this might be correct.

The Elements of the Algebra of the Conformal Space

Previously the conformal space %! has been derived. Now the 32 basis blades
emerging from building the conformal geometric algebra 4.1 shall be mentioned:

[ grade 0] grade 1] grade 2] grade 3| grade 4 | grade5 |

€o e1 e1e2 €1€263 | €1€2€e36+ | €1€2€3€E4 €
es €re3 €162+ | €1€2€36;
€3 €3€1 €636, | 616264 €
(S 16+ €3e1€e4+ | €2e3e4 €
e (SIS €126, €316+ €

i
€36+ €236

€16 €316
ezei €1+ ei
63ei €€+ ei
e+ ei e3e+ ei

The map between thee. e; -basis and the null basis is invertible, see equation (3.6)
and equation (3.7). The algebra built upon the null basisfe;;es; es;e; e,g can
therefore be obtained by replacing in the above table every occurrence ef., with e
and every occurrence og; with ey, respectively. But it must be taken into account
that the orthogonality for basis blades of equal grade is lost, compare

eiece, Cejece; = 0 and eieze tejer e, = 1
Note that for traditional, practical and convenience reasons, it is being worked with
the null basis, which at that same time admits a better geometric interpretation.
The Euclidean IPNS

The terms "elPNS' and 'eOPNS' will occasionally be used. What is meant simply
is the IPNS or OPNS, respectively, constrained to the vectors on the horosphere,

4By means of equation (3.14).
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that is to the representatives of Euclidean vectors in conformal space. Hence the
IPNS, for example, of a blade may include much more vectors than contained in
the elPNS.

3.3 Conformal Analytic Geometry of Euclidean Space

Conformal geometric algebra with its de nition of a conformal point provides sev-
eral geometric entities, for example a circle. These objects are well known from
the Euclidean world. Moreover, CGA gives access to this world in such a way as
to deal with its objects in an analytic way. The geometric product allows to al-
gebraically combine di®erent elements in a way that the result has a meaningful,
sometimes amazing, interpretation. Those calculations upon geometric objects are
to be presented subsequently. The section can be considered a toolbox for the work
with CGA.

3.3.1 Preliminaries on Subspaces

Recall that the subspace of a blade can be described in terms of the inner (IPNS) or
outer product null space (OPNS). The IPNS will here be taken as a standard, that
isif L 2 41 denotes a blade, representing for example a line, the inner product
null space representation for that line is tacitly assumed: some poina 2 %1 lies
on the line i®a ¢L = 0. The OPNS representation is made explicit by the dual.
Hence the OPNS line that corresponds taL is simply L °. For the samea one has
a” L" =0 i® the point lies on the line.

For most of the CGA entities to be dealt with here a normalization is being in-
troduced. The reason is clear. multiplying a blade with a scalar factor does not
change its subspace. A similar argument holds for versors. Hence if a calculation
does not result in a normalized entity, the equivalent sign ™ ' is used rather than
the equal sign.

It is still to mention that building the inner product of a vector and an IPNS entity
corresponds to building the outer product of the vector and the respective OPNS
entity, cf. equation (2.52) on page 64. In this regard, the inner product can be
though of as a way to expand subspaces.

atX = a6(X®l) = (RAXPI = Y (3.2)
v

Projection or Rejection

It is worth mentioning that the use of the IPNS changes the roles of projection and
rejection. Consider for instance the projection of a pointx onto the OPNS blade
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AD

hKi
Xp = (xCAFDHAR (3.3)
= (X CGARI THI DA
(Api! Y’ .
= X ¢ .TI» 1 AH(III:L
(Al 757 (A1)
2 3
i 1A .
= 4x¢ M BA it
G 1 A0 AR
. .
= XCALI Attt
. .
= XMALY IA gl T
= (X ALDAL (3.4)
where it was used that in 41 E=1,111=j1,12=j1andA_ | = IA ..

Hence equation (3.4) (which originally represents a rejection, see equation (2.61))
is used instead of equation (3.3).

Where Points Project to Spheres

Next to conformal points, spheres and planes are equally vectors, that is to say
elements that can make up a null space Clearly, projection and rejection split
a vector into two orthogonal vector parts. But it will turn out that the manifold

of conformal points is not closed under addition; whence it is not surprising that
projecting a point may end with a plane or a sphere.

On the Sandwich Product

This important product reappears in this chapter being the subject of several sec-
tions. Let A and X be general multivectors. Applying A or its dual to X may at
least change the sign of the result, compare

AXA = A°IXA °I = j A°XA " (3.5)
3.3.2 Useful Notes on CGA

It is begun by repeating the most important basis blades.

e= e =e; +eg

*When mentioning, for instance, the OPNS of a blade A ,,;, only the underlying set of conformal
points is meant rather than all vectors in  er(A ;) 1! **.



3.3. CONFORMAL ANALYTIC GEOMETRY

89

and

as well as

E

Conversely it must be

1
€0 = é(ei i €+)

= e+/\ei =

e+ =
€ =

NI NI

eM e = e

i
ej 2¢
|
e+2 e,

(3.6)
(3.7)

The following tables are to be read from the left to the right. They show often
occurring products between these “new' typical elements of CGA.

a e €o E e+ €

e 0 Ej1l e 1; E Ei1l
e l|i (E+1) 0 i €| 3(E+1) |i 3(E +1)
E i e €o 1 i € i e+
e E+1 |3(Ei 1) ¢ 1 E

e i (E+1) |3(E | 1| e i E i1

(3.8)

The results involving the geometric product with the pseudoscalad can be inferred

from the next table by noting that Al = A ¢l , for every multivector A 2

¢ e € E e+ € I

e 0 il e 1 il ilge
€o il 0 i €o i% I% l'e €
E i e €o 1 i € i e+ l e
es 1 i 3| € 1 0 i lee
e il | i3 | e 0 i1l |jlges
| i lee|lgeg l e i IEei i lees il

Notice that | ¢ symbolizes the Euclidean pseudoscalag;eses.

More helpful identities and relations can be found in the appendix A.4.

A e & |E| e+ €
e 0 E |O0]| i E E
&|i E| 0 |0]|i3E|iiE
E 0O |0]0] O 0
e+ | E |[3E|O| O E
e [iE|3E|O0]|E 0

4:1-

(3.9)

(3.10)
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3.3.3 The Conformal Point and Its Descendants

These descendants mean certain products involving two or more conformal points
and giving new geometric entities.

Consider the expression

a = @a+ i€ 1/§ge+ € (3.11)
_{_z_
a
= (ape1+ azer+ azes) + aze + asey; (3.12)

and recall that the vector a 2 4.1 represents a (possibly imaginar§) sphere with
radius ¥a unless¥%a is zero. In this casea denotes the conformal pointa = K(4).
But depending on the coezxcientsa, and as there are more interpretations for the
vector. These are summarized by the following table.

as =0 as; 60
I here/point
a =0 plane sphere/poin
including the origin located at the origin
2,60 plane sphere/point
not including the origin not located at the origin

Aside: Note that spheres, points and planes may as well be denoted by capital
letters, e.g. S, X or P. Particularly, a sphere may be expressed by means of

[N

e 2.
S = sj 3rse;

wheres represents the conformal point at the center of the sphere and; the radius.

Let the conformal points/spheres a, b, ¢ and d be de ned in accordance with
equation (3.11). In particular, it is henceforth assumed that conformal points are
normalized w.r.t. their e,-component. Then the following geometric relationships
and objects arise.

The inner product of two conformal points is negative de nite:

h i
ath = athj 3 (&€ B+ (¥ %) (3.13)
T (3.14)
= Y cos° (3.15)
0

(Ya+ %) , kaj Bk, jYai % (3.16)
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Fig. 3.2: Intersection of spheres: the two spherea and b do almost intersect at
right angles, i.e. ® ¥4 %=2. The related supplementary angle® = %j ® can be
computed by means of equation (3.15).

Hence ifa and b denote two intersecting spheres, their inner product can be used
to determine the local angle® = ¥4 ° between the (tangent planes of the) surfaces
of the two spheres (law of cosines), see gure 3.2.

a~b = a’ﬁ’b+ (aj D" e i (3.17)
%h(bzi R)yai (& )b "e
|
+ 1 (& B)i i %) E

+

(OPNS point pain

efa"b=eMr"a"b+ (b E (3.18)
(OPNS line)

{

[(Bi &)~ (e )]
H

a“br"c = a*"bd e+ a*"bj are+ Db e g (3.19)
h i
t  a®"9i "+ (a”h) "e
[
+ (i La+t(&i b+(ai we E

(OPNS circle)

h i
e"a"brc = e*a*"bdP e+ a b a*e€+ Db e E
h i
= era*"bre + M 9" (ei4aq E (3.20)

®An imaginary sphere is meant to denote a sphere whose radius may be regarded as imaginary,
more speci cally if as = ¢a = (& + %4), cf. equation (3.11) or section 3.3.6.
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(OPNS plang
Q" = a“b~rchd (3.21)
" [(Bi &)~ (G}ila)“ (e )] {
= a"brej a"bdrNad+ arerdj DrerNd Ne,
h i

W@t D i wa®dt et A+ pat et d)i «(a"bhd) "e

n

+

(cai )D*® + (i (@O + (i (@D
#

(i é)@NA) + (éci éa)DMD) + (éai )(erd) E

+

(OPNS spheré

Note that the respective IPNS entities can be build by multiplying with the pseu-
doscalarl , for example

Q = Q°I:
Speci cally, the IPNS representation of a sphere or a plane is given by a vector of
the form (3.11) or (3.12).

Next an interlude dealing with intersections in conformal geometric algebra is given
because it simpli es matters in the rest of this chapter.

3.3.4 Intersecting in CGA

For several pairs of entities intersections may be computed simply by building the
outer product of the IPNS entities, which is one reason for choosing the IPNS
representation as a standard in this chapter. The result is again an IPNS entity.
Intersecting two planes, de ned, for example, by the pointsai;a»;as and by; by; bg,
respectively, can be done by means of

L =[(e?rar™azx™az)l ] [(e” by ba” b3)l]:

If the OPNS representation of the lineL is preferred, the dual ofL has to be built.

This kind of intersection works in all cases in which the join of the respective OPNS
entities is | . Let Ap,, and Bj; be two OPNS entities to be intersected. It must
not exist a subspace of 4; that is orthogonal to A, and to By, at the same
time. To see this, suppose that such a subspace exists, given by the blad®,;.
Let d denote a vector inD ;. Pursuant to the elucidations on page 71 it is
de¢AR; =0 0 d2!ler(AL)
0 d2!er(Ay)
0 dMAu; = 0:
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HenceD ; is part of A, and B, : the dual of A, and B, may be express-
ed asAp; = D N X kegi @A By = D ™ Yy 4 gy fOr some suitable
blades X i (k+ )i and Yin; (1+5)i- Consequently, the outer product of the IPNS
representations attains zero

Ani " Bhi = Disi® Xmikes)i ~ Prsi ™ Y a+s)i = O:

In conformal geometric algebra 4 it is mostly the case that the subspaceD
does not exist. The table below shows which kind of objects certain intersections
produce, provided that they do intersect.

A Sphere Plane Line Circle
Sphere Circle Circle Point pair ® Point pair ©
Plane Line Projective point” | Point pair”

Line ii Point”

Circle Point”

Note that all entries with a superset asterisk are OPNS elements.

Exceptions

But it must be taken care when using the table. If, for example, a circle and a line
(being in the circle plane) shall be intersected, the outer product method cannot be
used. In such coplanarity situations it exists a direction orthogonal to the common
plane, with the result that the join of the entities is not the entire space | . Thus
a subspaceD ; exists. Likewise the outer product intersection of two circles does
only exist if the circles intersect in just one point. Otherwise, if they have two
points in common, they share a common sphere. It is therefore helpful to imagine
entities in terms of the primitives sphere and plane. If the IPNS entities that are
to be intersected, can be split in such a way that they share a plane or a sphere,
the outer product must be zero.

In the following example, the circle C and the coplanar lineL can be expressed by
means of a sphereS, a plane P °and the common planeP . Thus

COL = B RpRf O
C L

Another important operation in CGA is the re°ection. It is discussed in section
3.3.8.
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K

Sl

B

Fig. 3.3: Circle from spheres: the circleK ® = A ~ B ~ C hits all the spheres at
right angles (it does not pass through the centers).

Orthogonality and Perpendicularity

It is worthwhile to take a closer look at the inner product of IPNS entities. As
can be deduced from equation (3.14), the inner product of two intersecting spheres
is zero i® their surfaces intersect at right angles. Similarly, the same applies for
two perpendicular planes or a plane and a sphere, compare equation (3.34) and
equation (3.33), respectively. Higher order entities, which can be represented by an
intersection (see above), inherit this property, for example, by the relationship

at¢(brc) = (acthycj (actc)b:

Thus a new meaningful kind of (locally Euclidean) perpendicularity is provided by
geometric algebra which is more than a pure orthogonality of null spaces { especially
if this orthogonality is inherently non-Euclidean.

Consider in this respect the outer product of three sphered\, B and C as depicted
in gure 3.3. Itis

K =(A~B"C)I andeg. A¢K =0:

All contributing spheres must therefore be orthogonal to the circleK . The e®ect

is that the outer product of three spheres yields a circle that does not pass through
the centers of the spheres any more { instead the circle intersects each of the spheres
at right angles. It seems that such a circle is unique. The setup is illustrated in
“gure 3.3.

The line L® = e™ A~ B, on the other hand, would include the centers because the
thought elongation of the segment between the centers oA and B to in nity ( e)
always intersects the spheres at right angles.

Note that the outer product of any four non-coplanar spheres that intersect in a
single conformal pointx 2 %! gives®"® ® 2 . Hence in the same way that
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a circle has (in nitely) many representations in terms of the intersection of two
spheres, a simple point has comparably more representations. This multiplicity of
possible representations is one of the strengths of GA.

Subsequently, all geometric objects that can be represented by a vector only, i.e.
points, spheres and planes, will be detailed.

3.3.5 Conformal Points

Many equations in this chapter refer to conformal points which are not necessar-
ily normalized regarding their eq-coordinate. Such a normalization can easily be

achieved by a
a 7! :
i eta

A Patrticularity

The fact that conformal points square to zero implies, given a bladeA ,,; and a
point x, that

XCAL)? = (XMA)? = IXGA XA ) (3.22)

For a proof it is referred to page 31, where it is stated that inner and outer product
between a vector and a blade/ -vector can be expressed by the commutator and
anti-commutator, respectively. Now the § -symbol is being used to represent com-
mutator and anti-commutator at the same time (disregarding the factor 0:5). The
result is independent of the sign

(XA i 8 ApiX)? =+ XA XA

8XA AL X 8§ A A
|LkZ{Z_H<} ki R%(} ki

+ A i XA i X
= XA XA i OAKXA i X

and therefore independent of whether inner or outer product is chosen.

Distance

The distance between two conformal pointsa and b (the distance between the
underlying Euclidean points-aand B, respectively) can be determined with the help
of the inner product, cf. equation (3.14). It is henceforth being denoted bydp, ..

P
d[a;b] = i 2(a tb) (3.23)
Observing that j 2(a ¢b) = a?j 2(a ¢b)+ b?= (ai b)? it can be inferred that
p__
d[a;b] = (a i b)zi (324)

Self-evidently, the square root and the square may not neutralize each other.
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Summation

it with the equation of a sphere S. An unexpected relationship regarding the
variance of the points will be obtained.

%(szibé)

2 2z —H
S—l)«x- = 1)4(x-+11)4( 2. +
=k X T o 2 K % e+ e
i=1 i=1 i=1

i ¢
= s+ 1 & ¥ e+ ey

Using the above de nitions of s and %zt follows’

A ! A !
R RA
E X i /g = E 'Xi
i=1 i=1
0 A | A |
A1 & I 5 Al)« !
]/g = E 1 | R 'X|2
|—2—3 |—2—)
E(x)? E(x%)
:) q__
= i Var(\a/(): (3.25)

Hence the sphere is imaginary. As a matter of fact, its centers corresponds to the
barycenter of the points and the radius is related to the variance of the points by

Var(¥) = i % = S%

where equation (3.14) was used.

3.3.6 Spheres

Spheres can be considered the most general geometric objects in CGA.

The centersof a sphereS = s+ %(321 r2)e+ e, with radius rs may be determined
by directly looking at the Euclidean parts, i.e.

X3
s = (e €S)e
i=1

or alternatively algebraically, see equation (A.33), with

s = E ®E " S):

"The underset tilde serves to indicate a random variable, see page 146.
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It can further be veri ed, irrespective of whether the sphere is imaginary or not,
that
SeS.

SeS = 2 = ——
e i 2s 0 [ TR

(3.26)
where s = K(9). This is an important result which is to be discussed in section
3.3.9, starting on page 104.

Radius

As already mentioned, the radiusrg of a sphere can be calculated using
r2 = s2

However, in certain cases a sphere squares to a negative value so that the radius
can be viewed as an imaginary number. Correspondingly, the sphere is said to be
imaginary. Assuming a real radiusrg, the equation for such spheres can be stated
as

Ss = s+ 3(£ + rd)e+ e

Calculating the inner product of Sg and another sphereK = R+ %(Rzi rZ)e+ e

SsOK = sERi 3+ ri+ R rf)

= 12 (2+jiki 9%

q___
shows that spheresK with radius rx = rZ+ jjRj $j2, but not conformal points,

cause the inner product to attain zero. As a consequence, imaginary spheres do not
have a Euclidean inner product null space { these spheres cannot be created using
equation (3.21).

Conversion of Imaginary Spheres

It is not dixcult to realize that, given an imaginary sphere K , the real counterpart
S, with radius r = | K 2, can be computed by means of the simple relation

S = K + K %e: (3.27)

It is crucial to observe that making a sphere real changes the inner product. That
means an imaginary sphere that is initially orthogonal to another sphere cannot be
orthogonal after the conversion, and vice versa. The orthogonality with respect to
a plane, however, is always preserved, see equation (3.33).
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Fig. 3.4: Inner product between a sphere and a point inside of it. The right side
depicts a cross-section only.

Point - Sphere

Consider a point p and a sphereS = s+ %(321 r2)e+ e,. Assume that p lies
outside S. Then the inner product p ¢S =: ®r§, with ® = j 0:5, gives the radius
rp of a sphereSy centered at p in such a way that S, is orthogonaf to S, i.e.
Sp ¢S = 0. The sphere S, can be built by

Sp=p+(peS)e: (3.28)
To see this, compare
Sp¢S = (p+(p¢S)e)¢S = p¢Sj p¢S = 0:
Note that rg is the power of point p with respect to the sphereS if p lies outside
S, cf. [111, 19, 107]. Thus given a chord passing through the pointa, b and p,
wherea and b are assumed to lie onS, it holds that

onst

c 2.
dip:a) dppioy = T
If p liesinsideS (see below), the inner product becomes positive such that it must
be considered thatrg < 0. This implies that the sphere S, becomes imaginary.

Thus by looking at the sign of the inner product it can be determined whether a
point is inside or outside a sphere

pesS < 0 >0 point p lies outside S:

This relationship is exploited by Banarer [9] who utilizes CGA spheres in a neural
architecture to de ne so-called hypersphere neuroneso as to achieve a non-linear,
that is a hyperspherical, separation in classi cation problems.
Now let p be a point in the inside of the sphereS = s %rge. The scenario is
illustrated in "gure 3.4. According to equation (3.14) the inner product is

pes = 3(rdi dig) = 315
where in this caser, denotes the radius of circleCp, which is depicted on the left
side of the gure.

8Recall that this means that the respective surfaces are perpendicular.
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3.3.7 Planes

Planes are the last vector valued elements that are mentioned. Recall that a plane
can be considered a special sphere with in nite radius. This notion has a solid
base; replacing the fourth pointd in equation (3.21), the OPNS representation of
a sphere, with "the point' e, should consistently yield a sphere passing through
in nity. The resulting OPNS expression does in e®ect match the plane equation
(3.20).

The IPNS of planes representation is succinct
P = h + de; d, 0 (3.29)

where i\, jjAjj = 1, denotes the normal vector of the plane andd stands for the
distance to the origin e,. If the plane is not normalized right from the beginning,
for exampleP = A+ te and jjfijj & 1, it can be divided by P? = #% + t(Re+ en) =
f2. A plane, as de ned above, has to fulll two conditions

P2 =1 and e tP - O

Notice that planes with d < 0 are simply oppositely oriented and occur equally
frequently.

Distance d and normal vector  can easily be extracted
d = P ¢e+

f E ¢(E " P):

The two parameters it and d appear as well in the OPNS formula (3.20): building
the IPNS representation of the rst component e” a" B" € only, in equation (3.20)
yields

3 -

(era*"bdrgl = | a¢dEE e
= ®(de) ®2
For the second component it is
(bi &~ (ei &)EI = (ei & £ (bi 4) (3.30)
= ®nf

for the same® 2  as above. Its value is the magnitude of H; @) " (€ € and
can be computed by means of equation (2.16).

Hence if a plane is created by means of the OPNS representation, its orientation
A can be determined with a hand rul€: the "ngers of the left hand are curled to
match the direction given by the point sequencea-b-c; then the thumb indicates
the direction of the plane.

Right hand sequence: a-c-b.
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Fig. 3.5: Creating planes: the expressiork j y represents the bisecting planeP
indicated by the cyan area.

Creating Planes

An easy way to create a plane is to subtract two conformal points so that thee,-
componentyanishes, for examplé® ~ x j y. In order to normalize P it must be
divided by = P2

A XY XYy _ Xiy.
P - P—— — :
(xi y)? i 2(x ¢y) iy
Moreover, in order to comply with equation (3.29), which de nes a plane, thee-

component must be positive. That meansx must be further away from the origin
than y. The exact expression is therefore

Oreoix] s ey =) P = (3.31)
x5yl
The inner product of P with a vector a results in
2 . 2
adxiaty _ Gaypi Gan.
atP = = :
dix iy 2y

This shows that the elPNS of P consists of all pointsa fullling dja.x; = dpa.yj OF
equivalently of all points lying on the perpendicular bisecting plane of the line that
connectsx andy.

Distance Point - Plane

To evaluate the distance between a pointx and a normalized planeP a virtual
point y can temporarily be introduced that serves as the re°ected version ok in
the plane P. Note that x and y lie on di®erent sides ofP. Assume at rst and
in accordance to the condition imposed by equation (3.31) thatde,x] , e,y
Then P can be expressed in terms of the two points by

Xiy.
dix:y]

P =
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The inner product x ¢P gives

2
cop = L XO _ iy _ iy,
dpy; 20y 2
If thg condition_ d[_eo;x] , d[eo;y]. is nqt fulTed, P = (y i x)=di.y] mu;t be
considered, which introduces a minus sig,x ¢P = j d.,j=2. Hence depending on

which side of P x lies, the inner product may be positive or negative.

Since the distancedpy ., is twice the sought distance di.pj, it can be gured out
that
d[X;P] = jX ¢PJ (332)

A plane P = 4 + de has, just like the closely related sphere, two distinct sides; a
point on the same side as the origin yields a negative inner product

X¢P - 0 Oj>0 X lies on the same side a®,:

The gradient of K(x) ¢P w.r.t. % is the normal vector . Consequently, the value of
the inner product increases ifx is moved in the direction of ®. The inner product
X ¢P with a plane passing through the origin (d = 0) is positive i® x 6 e, lies on
the same side as1’points to.

Sphere - Plane

These two entities do essentially di®er in that a plane has noeg-component. As

a result, the e-component of a sphere, which holds its radius, has no impact if
the inner product between a sphereS and a plane P is built. Hence a sphere
S =sj 3r2e, s?=0, behaves as the points in its center

SCP = (sj 3r2e)¢P = sOP = §dgpy: (3.33)

Consequently, the inner product of a sphere and a plane is zero i® the center of the
sphere lies on the plane or equivalently i® the sphere (surface) is perpendicular to
the plane.

Anti-Commuting Planes

As the inner product of two planes P; = “Mh; + die and P, = "My + doe
amounts to
P1¢P2 = (hp+die)¢(hy+ doe)
= "MiCn, (3.34)
= cos(l);

where L denotes the angle between the planes, two planes anti-commute i® they are
orthogonal i ¢
Pl P2 = i P2 Pl O Pl? PzZ (335)
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Projection

The projection of a point x onto a planeP = h+ de = P i ! results in an imaginary

sphereSp = sp | %rge. Let - :=sgn(x ¢P) then
reje}(ition
441 z
Sp=(xAPIHP  FEY % PP = xi - dyp P
= Xi - dupifi - dxppdiegpre
with an imaginary radius rp:
5 = Sp=(xi dxpP)? = x? 'd[x;P]fﬂg‘zﬂf”d[zx;P]Pz

2x P

[ Zd[ZX:P]"' d[ZX;P]
.92
| d[><;P]

Sincesp = K(xi - di;pif), it follows diy.s,) = dx;pj = jrpj. The point sp lies on
P because ofS, ¢P =0 and

SpP = (Spi 305.5©)¢P = Sp¢P | Fdf petP = 0:

Hencesy, represents the Euclidean projection ofx onto P. There are several ways
to determine sp. Using equation (3.26), for example, it can be gured out that

(x*Pe(x"P).
i 2 '

Sp =

Summation of Planes

Consider two normalized planesP1, P, in the notation of equation (3.29). The
averagePs = %(Pl + P3) is now being analyzed. Clearly,P3 is still a vector with
e and without es,-component identifying itself as a plane.

Two settings are distinguished. First let the planes be parallel. Building the average
P3 results in a plane with identical normal vector and a correct distance such that
P3 lies centered betweenP; and P,, as expected. Otherwise, what if the planes
intersect? LetL = P1” P> be the line of intersection. It can be seen thatP1 * P3
equalsP;, " P3, that is § % L, which represents the same line ad. Thus L lies
on all planes, P1, P, and P3, at the same time. Furthermore the average of two
normalized direction vectors gives a new direction vector representing the angle
bisector. This shows that P3 is correctly orientated, whence it can be concluded
that P3 has as well the correct distance. In conclusion, the algebraic mean plarigs
is also the (geometrically) bisecting plane. Note that an afterwards normalization
of P3 can easily be achieved byP3 7! P3=P2.
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3.3.8 Re‘ecting with CGA

A vital aspect of CGA is the re°ection. It is, in general, explained in chapter 2.
Here the re®ection in a plane and in a sphere (inversion) are being discussed.
Let P denote a plane that is created according to equation (3.31), i.e. by subtracting
two conformal points x and y
p=p2it¥Y . with P2=1:
i 2(x ¢y)
Recall that in GA re°ections are carried out by means of a sandwich product. By

the result of equation (2.40), that is A, ;bA ,; 2 P9, is the re°ection PaP of a
in P again a vector. Moreover, a conformal point

(PaP)? = Pft_zl%g{’_%P = 0:
0

In addition, it can be seen that the re°ection of the re°ection in the same plane is
again the initial point

P(PaP )P = a: (3.36)
However, observing that
pyp = XKiYX(Xiy) _  yxy azn 2X &)y _ Ly
i 2(x ¢y) i 2(x ¢y) i 2(x ¢y)

unveils that the re°ection, irrespective on which side of P point x lies, introduces
a scalar factori 1, which disappears ifP is applied twice, see equation (3.36).

Now it is being shown that the sandwich productPaP in fact represents a re°ec-
tion. Taking into account the minus sign, the di®erence between an arbitrary point
a (not on P) and its re°ected versionj PaP must be the plane again, hence
a+ PaP (A24) ax2(Pc¢a)pja = 2(Pc¢a)P
(a+ PaP)? " (a+ PaP)? "aPaP + PaPa

r‘Z(P ¢ta)P _ r‘2(P ¢ta)P
" 2a¢(PaP)  4(P ¢a)?
where the denominator serves as a normalization.

Eventually, consider the distance dj;.59 between a pointa and its re°ection al=
i PaP

i 305..q = ata®= j2(@cP)® = j2d:

dia;aq = 2d@apy
This further substantiates that
a’= j PaP (3.37)

does indeed represent the re°ectiora®of a in P.

To summarize, there should be suzcient evidence con rming thatj PaP represents
a re‘ection, although it is not outright proven.
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Example: Point Pairs

The entity point pair is not being discussed explicitly. These 2-blades often arise
from intersections, for instance between a plane and a circle.

Consider the point pair a ® b and let P denote the (normalized) plane halfway
betweena and b, e.g. P~ bj a. Point b may then be replaced by the re°ected
version ofa

ab = a” (j PaP)
= PaP "a
P29 oaeP)P i a)na
2(a¢P)P Ma
dia;p) P a: (3.38)

If P was oppositely oriented, i.e.P%= j P, it would likewise be a” b = j dia:b]
POAa= dja;py P @ such that P can be assumed to be oriented towards.

Hence a point pair can equally be represented as the outer product between a point
and a plané'.

3.3.9 Inversion

The existence of a spherical re°ection, the inversion, has { phenomenologically {
already been deduced in section 1.1.3. Now it is to be proven that the expression
x% = SxS indeed describes the inversion of a conformal poink in the sphere
S = s 3r2e. For this purpose, Tst x°is analyzed. Then the productx %= Sx°
is built which is supposed to bex again.

Let x be a point outside S, i.e. x ¢S < 0. Pursuant to section 3.3.6, it is

. A:24
x0 sxs MY ox¢s)S| S2x
= (r2s+r2x);
wherex9” :::indicates that x°is not normalized w.r.t. e,.

Recall that, according to equation (3.28), ry is the radius of the sphereSy =
X +(Xx ¢S)e at x that is orthogonal to S. This corresponds to an angle of = Y42
in gure 3.2 so that

2 _ 2 2
d[x;s] ry+trs
The e,-component of x° therefore takes the valuej d[zx_s]. Thus
SxS
0 _
X° = —
42
i Oisis)

PClearly, itis a~ P~ a”~(bj a)= a”bh.
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Fig. 3.6: Inversion: the inversionx®of point x (s) in the sphere S (Sy) represents
the center of the circleCyx = S Sy, where Sy := x +(x ¢S)e.

The new point lies inside S due to

2(x ¢S)S? | S?(x ¢S) _ (x ¢S)S?
i d2 S

[x:s] [x:s]

x%¢S = > 0

Now the term x%= Sx% = S% = rx is being focused on. Sinc?is in the
inside of S, the inner product x°¢S = 1r2, yields a positive value with a di®erent
interpretation as before, cf. gure 3.6,

x99 sx% 2(x%¢S)s i S?x°

= r%Si rix%= (rfi diog)Si rax’

By solely looking at the e,-component ofx % it follows the normalized point x°°=
x and thus the identity

00 = sx%s SSxSS réx

= = = X
i d[ZX‘ES] (i d[2><°:S])(i d[zx;s]) (i d[2><°:S])(i d[zx;SI)
This "nally implies the relationship
rs rs dics)
=1 0 = (3.39)
d[2x 0:s] d[2x ;s dixes) I's

that de nes the inversion in a sphere with radiusrs, as expected.
As a general result! it may be formulated that the inversion of a point x in a
sphereS = s %rge gives a scaled inversion poinix® according to

SXS = i df g x° (3.40)

1 The only exception represents equation (3.26), i.e. SeS = j 2s, in that P 2 is not the distance
between s and innity ( €). However, that the inversion of innity yields the center s of the
inversion sphere S is phenomenologically sound.
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Symmetries

Previously, it was shown that x %is the inversion ofx in S. Now it is to be examined

whether x° could likewise be the inversion ofs, the center of S, in the sphere Sy.

For this purpose consider

R d[2><;S] = (dxxg+ dyos)) dixs)

(3:39)

= d[x;x°] d[x ;s] + rg:

Hence a relation equivalent to relation (3.39) holds so that the propositionx©

S4SSy must be true as well.

Comparing
I’3+ I’g = d[zx;s] = (d[x;x°]+ d[xo;s])2
= d[2X X +2 d[x;xoj d[xo;s] + d[2x 0]
and
re+r5 = (dixq+ rio)+( dhog * 150

d[zx xq ¥ 2 o+ d[2><°;S]
gives the altitude theorem { one of the Pythagorean theorems

dix xq dos) = 1o; (3.41)
which ultimately shows that x °coincides with the foot of the altitude. Consequently,

x%is the center of circleCy, see “gure 3.6.

Invariant Objects

It is as well a question of symmetry that orthogonal spheres are invariant, up to a
scalar factor, under inversion. LetS and K denote two orthogonal spheres. The
proposition can then be gured out as follows

SK = SK SK = jKS

SKS

g2

0 K ~ SKS:

0 S’K = {SKS K = |

A Connection to the Conjugate

A special versor is the basis vector; { the imaginary unit sphere e; = %e + €
centered at the origin. It can be used to algebraically perform a conjugation of
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blades. Recall that the conjugate negates those basis vectors of a vector that would
square to minus one. Hence for some basis vecter 2 %1 it holds that

_ _ .24
e 6 e =) € €€ = €€ = €
If, however, e = ¢,
e ee = je;
so that, given a vectora 2 41,
al = e ae;:

By the versor outermorphism, s%e section 2.3.4, it is

< e A,e,; kodd

AV =
hi
i e A,.e,; keven
or simply
Y . g K D(Ke2) )

3.3.10 Projective Points

A special point pair is the projective conformal point, cf. [76, 61, 64]. It is de ned
by
P"=erp=&erp+ E: (3.42)
In this case componentE takes over the role of a homogeneous coordinate. This
becomes apparent by noting that
2 = N = N )
P e"p+ E e fp_+ ze'_)}'
projective point
The projective point can be reobtained by using
P 7! e, ¢CP® = p+oe:

Note that more on this kind of switching between di®erent spaces can be found in
[104, 106]. There the authors extend Faugerastrati cation hierarchy [28], inspired
by vector space calculus, to the algebras of the Euclidean, projective and conformal
space. Especially the formalization of the pose estimation problem is shown in [104]
to have roots throughout all strata, that means levels of representation.

Dehomogenization

If P® is normalized w.r.t. the E -component, its Euclidean representativep can be
calculated via
p= E ¢+ "P"):
In practical issues it is often of interest to determine the underlying conformal point
p from P ". For this purpose a special operator can be created. Let
Q= 31+ P, with Q@ = 0;
then

p= Qe :
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Point Re°ection in Projective Points

A projective point X =(e” x)l can be used to describe a re°ection in itself via
b = XaX :
Using relationship (3.5) and exploiting that e x = ex +1, itis

b = XaX = (ex+1la(xe+1l)

A:27,A: 29
(A:21A29) i 4(atx)e+ exa + axe+ a

(A2 i 4@acdx)e+2(xj a+(actx)e)+ a

= X+(xi a)+ di.e

It can easily be seen thatb= x+ (x| &) and further
il
, Zy['{
b = ngl({)ﬁi}x = 0;
0

showing that b embodies a (point re°ected) conformal point.

3.3.11 Circles

Circles are one of the most inspiring objects in conformal geometric algebra. A
reason might be that six parameters are needed to uniquely de ne a circle in 2,
which makes circles the most complex geometric objects in CGA.

Circles may most easily be constructed according to equation (3.19), that is in
terms of the outer product of three points a, b and ¢ which are supposed to be on
the locus of the circle

C = (a”bnro)l:

Even more comfortable is the possibility to create a circle by intersecting a sphere
S and a planeP or two spheresSi, * Sy, respectively

C=S5"S, o C=PAS: (3.43)

Self-evidently, for every sphere or plane incideri? with a circle, there exist in nitely
many suitable spheres, such that an intersection yields the circle again. Among
them it exists a unique sphere being orthogonal to its counterpart; see section 1.1.3
in this respect.

12Here incidence means a 'lies on' (containment) relation. Di®erent elements can only be incident
if they are of di®erent dimension (regarding their hypersurface), e.g. a 1d-circle and a 2d-sphere.
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The Parametric Form

The aim is now to derive a sensible algebraic expression for an IPNS circlé in
terms of the parameters: centerm, radius r and normal vector ¥ indicating the
orientation of the circle. Hence a circle has six degrees of freedom.

For this issue the orthogonal intersection of a spheré&sc and a planeP¢ is consid-
ered, that is w.l.o.g. P¢c ¢Sc = 0 and consequently

C = PCASC = P(;S(;Z

The circle equation can, for instance, be obtained by expanding the outer product
expressionP¢c » Sc, with P =/h + deand Sc = m+ (m?j r?)e+ e, ie.

C = PCASC

i ¢
(’h+de)’\'m+%(m2i r)e+ e where d= m¢n
h i
hAm+he + 3 (M2 r)Nj 2(men)m e + (mMEN)E:

Observing that m?A | 2(m¢A)m = | mNA m it may likewise be written

C = hr(mi 3rle+ e) i i(mn m)e+ (mMEN)E:

Just like the previously introduced entities it is favorable to have a normalization.
Evaluating the square of a circle, a 2-blade, gives

C2

(PcSc)(PcSc) = i (ScPc)(Pc Sc)

i ScSc = i r%

It is therefore suggesting to requireC? = j 1. Hence withd= m¢n . O

h i
PcSc AMm+he + 3 (M2 r)hj 2dme + dE

C = ; = . (3.44)

In analogy to the equation of a plane it remains to x the sign of C. Since the
parametersr and d are supposed to be positive, it is reasonable to demand that
the sign of the E -component is positive as well. The component may algebraically
be accessed by means of equation (A.34), i.e.

e; ¢(e¢C), O (3.45)
or in this case whereC is a pure 2-blade

E¢C . 0
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Evaluation of Circle Parameters

First the circle must be normalized w.r.t. condition (3.45) and such that C2 = j 1.
As a next step the circle planeP¢ and the radiusr can be determined
Pc™S P
P = (e~rCYI = etC = e¢7cr € - TC; r2 5

1 .
—:

Oo

(3.46)

Having P¢ at hand, the normal vector t and the distanced = m@ can be computed.
Observing that
PcSceSCPC (3:26) | ZPCmP c (3:37) 2

shows a neat possibility to get the centerm = K(m) of the circle.

A new term shall be now coined: let the C-sphere denote the unique inscribed
sphere (insphere) hence with minimal radius, contained within the circle C.

Evaluating the C-sphere

Recall that e ¢C = Pc=r. It seems that the C-sphere is basically the rejection of

e as
Pc(PcSc) _ Sc

iRc(e) = (e¢C)C = —F =3

= s2;

wherej C = Ci ! was used. With normalization it eventually follows
s¢ .

i e¢S2”

Sc =

Degenerate Circles - Tangency

A circle re®ects the intersection between a sphere and a plane or another sphere.
But many situations are thinkable in which there is no intersection at all. In
addition, what does an intersection look like if one or both entities are imaginary.
The answer is simple { an imaginary circle. It is not being derived here, but these
entities do not square to negative values.

Interesting is also the case in which a point is used instead of a sphere, see gure
3.7. Since a point is algebraically a sphere with radius zero, an intersection between
a point and a plane or rather a sphere may be declared. Particularly, a point pair
can be regarded as a circle. Consequently, the entity point could have been included
in the table on page 93 that summarizes all possible intersections.

If the point lies on the surface of the sphere/plane, a circle with radius zero - a null
blade - is obtained:

(x~ 8)2 B2 (x ¢s5)2 = 0
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y°

C

Fig. 3.7: Degenerate circles: points, here, are treated as spheres with radius zero.
The outer product C = x * S, where S might be imaginary, gives the imaginary
circle C. The same holds if a planeP is used.

Both null spaces, elPNS and eOPNS, coincide and consist solely of the point. This
can be seen using the orthogonalit}® x ¢S =0

X ¢(xNS)
XN (x"NS)

0

X(x"S) = x(xS) =0 =) o:

These objects can be though of asriented points because in contrast to a conformal
point or a projective point an additional orientation information is contained 4.

And just like conformal points they are null blades. Recalling that the intersection

formally still represents a circle, the planeP; tangent to a point x on a sphereS

can be determined with the help of equation (3.46)

X ¢S =0 =) Pi © et¢(x”™S): (3.48)

However, in general it is not advisable to work with null blades.

Inner Product with a Point

Let C = (a1 az " as)l be the circle passing through the pointsa;, a» and as.
Then the inner product of C and a point x, not on the circle, yields a plane if
all four points are coplanar. Otherwise, a sphereS including the four points is
obtained

(0]
I

x ¢C

X ¢(C"1)

(x A CHI
(xMaiMa™az)l:

130r generally by equation (2.44, 5.), i.e. (A * b)¢c= A, (b¢c)i (A ¢c)” b.
14 According to equation (3.17), the orientation information is held by the  e,-component.
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C

z

Fig. 3.8: The product S = x ¢C: point x lies with circle C on the common sphere
S. Note that z~ CxC does also lie orS.

Employing representation (3.44), i.e.C = PcSc=r, the e,-component of S can be
computed via

i et(x ¢C) i (e"x)¢C = x ¢(ecC)
X ¢(e ¢(PC A Sc))zl’ = X ¢((i e¢Sc)Pc)=I’

X CPc=r = 8 dy.p.=r

Ondening Sc = sci 3r%,y = ScxSc=i d[ZX;SC] andz = | PcyPc, it can be
seen that

(3:22) CxC PcScxScPc

S2=(x¢C)®> =7 x¢ = jxe—=——="o T
( ) 2 | 2r2
_ . ¢PC(i d[ZXZSc]y)PC _ . d[ZX;Sc] ¢
- i X 212 TG
2
— d[X:Sc] d[>< iz]
2r

Regarding the radiusrs of the normalized spheres—S— it follows

§ d[x;F’c]
S f i
o= rs 2 - d[x;sc]d[x;z]
) d[X;Pc] 2d[X:Pc]

The normal

There are in nitely many pairs of spheres, S; and S, the intersection of which
results in an identical circle C. Pursuant to equation (3.18), the outer product
e S1M Sy = e” C represents an OPNS line. The respective IPNS lind, passing
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So

Fig. 3.9: Circles: projection Sp and rejection Sg of a point x

So "~ x¢C Lc "~ e¢C”® L x ’ (e"x"SR)I
SR~ (x¢cihHc Sp T (x~CibHc (Sp imaginary)

through the center C, can thus be determined using

L= (e~rC)I = e¢(Cl) = jec¢C”

: : P2 1
L® = (erc)? i eec)? 2V T =

L = §r(e¢C” 0 L2 =L (3.49)

Regarding the choice of the sign it is referred to section 3.3.12, which deals with
lines.

In this way an in nite number of circles, which may vary in their position along the
line or in the radius, correspond to the same line. These degrees of freedom make
the formula attractive for being used to replace lines with circles.

Figure 3.9 may serve as an example. There the perpendiculatsc, w.r.t circle C,
and L x, respectively are depicted. The latter line belongs to circleK .

Projection

Figure 3.9 summarizes several products, among others, the projectio8p and the
rejection Sg of a point x with respect to a circle C. The centersp of the imaginary
sphereSp lies on the plane of the circle, i.e.Pc. Note that line L« does, in general,
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not intersect with C. Clearly, since projection and rejection are orthogonal, one
has Sp ¢Sg = 0. Moreover, it holds that C = SpSg because of the orthogonality
of the spheres:

SolSr = | So¢SoC) = i So®So¢C) = | (So”™ So)¢C =0

It must also be mentioned that the depicted intersection circlesK 1 and K , were
built using the real version of Sp, cf. equation (3.27), that means

Ki  So”(Sp+S3e) and K,  Sg”(Sp+ Sde):

3.3.12 Lines

In the OPNS equation (3.18) can be used to describe a line

L® = eca“b=e”" F{/\z (I_{a;E | 2

=1r
= I(e” pAr\+frE), P2+

where p and " denote the foot (of the perpendicular passing through the origine,)
and the unit direction vector, respectively, of L. Figure 3.10 gives a visualization.
The equality of a” D= p” (p+ £) = P ¥ was already shown in equation (2.15) on
page 24.

On de ning
B = *lg; (3.50)
a 2-blade inh 3i, %2 4 that contains p, the IPNS representation becomes
g +rEL E (enpnpine
pre
= e(p¢@)+ 0
so that
2 _ 2 2 _— .
L2 = (Ie(pd;%))) ¢L?+ . I{)%}:‘ pz+P¢(ef§¢@)i+(|ﬁ%@ =1
E) —1I

With the help of equation (A.32), the unit binormal vector b can be introduced in
terms of the vector cross product

b= dp¢@ —r\£ P, where d = kgk

The nal representation of a line regarding the IPNS is thus
L = B (peB)e = b dbe (3.51)

with B = 41 ¢ and whered = kgk 2  denotesL 's distance from the origin e,.

Aside: Note that the signs of lines, planes passing through the origin and circles
centered at the origin, respectively, cannot be xed because the origia,, as the only
reference point, is not suzcient for uniquely attributing an orientation, i.e. sign,

in a coordinate-free manner to the entities.
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L* = eNai/Nag

Fig. 3.10: Line L passing through the pointsa; and a,: the mutually orthogonal
vectors ¥} pand b form a right-handed system,b= 4 £ p=d

Construction by Intersection

The intersection of two planes gives a line. LetP; = M+ dieand P, = Mo+ dhe
denote two non-parallel planes.

L = (Mt die)” (hx+ dre)
My Ay + (1d2 N1 i{zdl n2) ?; O = My Ay

i (PKHh1"N2)) e

i ¢
O p¢eo e

Sincep lies on each of the planes at the same time, it has a positive inner product
with both normal vectors, that is p ¢h; , 0,i 2 f1;2g. Correspondingly, it is
dip; e, = di = p ¢A;.

The normalized line can be computed by®

i ¢ Pi" Py . AL Ny
LoP i (P17 Pp)? khi ™ Agk

Especially if the planes are orthogonal, it may e®ortlessly be veri ed that.? = 1

Pi¢P, =0 L = PPy L2=P1|3%§}P2=il:
i P1P2

An alternative way to create a line is proposed in equation (3.49); circles are utilized
as representatives of lines because the line perpendicularly passing through the
center of a circleC is unique. It can be obtained by evaluatingL ~ e ¢C°®.

15Recall that i (PL"P2)26 kP1" Pyk= P (P1 "~ Py)Y ¢(P1 ~ Py) (magnitude, see page 61).
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Fig. 3.11: Representation of a line w.r.t. a pointx: the geometric product of the
orthogonal planes gives the lineL = PxP, (arrows indicate orientations). The
orientations of the planes may also by °ipped, i.e.L = (i Px)(i Po).

Point Dependent Representation

Let x be a point not on the line given by L. Then exists a plane, denoted byPy,

that is incident with both, line L and point x. It further exists a plane, say P,

orthogonal to that “parallel' plane being incident with L as well. Thus the line can
be written as L = Py * P, = PxP,. One scenario is pictured in gure 3.11. Note
that the orientations of Py, P, and L must form a right-handed system.

By the principle expressed in equation (3.2) the inner product of a pointx with a
lineL =~ (e”a” b)l yields the plane spanned by the pointsx, a and b. Speci cally,
it is
(3;20)
x¢((erarbl) =(xrerarb)l =(era™x" bl Py

According to equation (3.30), the orientation of Py is given by (0j € £ (x| 4),
where ¥ = B -adenotes the direction vector ofL . For an example see gure 3.11.

Evaluation of Line Parameters

If a line was created by means of the OPNS formula, hencé® = e” a” b, the
distancel 2 between the pointsa and b can be computed via

P— p—
| = L= orequally | = jLZ (3.52)
The unit normal vector & simply arises from
f=jL¢Clg:

SinceP, := % de nes a plane, the footp of L with respect to e, can be determined
by the intersection X , © P~ L. As X , represents a projective point, the methods
described in section 3.3.10 can be used to retrieve the corresponding conformal
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Fig. 3.12: Projection onto a line: the result is the imaginary sphereSy with center
Sx on the line L. Rejection P, is solely coincidentally aligned with the plane
spanned by the direction vector and the binormal vector ofL .

point p from X 5= e” p.
However, p may most easily be obtained by the projection ofe, onto L, see below.

The distanced = kk from the origin can be computed according to equation (3.55),
i.e.
d= p(eotl:L)2 or d= p(ec,"L)2

Is the distance available, the binormal vector is

B= e ctL=d:

Projection

It is begun with calculating the rejection, where w.l.0.g. the representation ofL as
depicted in gure 3.11 is used, i.e.L = P4xP,. Note that the direction vector of P,
points away from x such that x ¢P, = j diy,p,}. Building the inner product reveals
that
(3:32)

X CL = X ¢(Px" Po) = (X CPx)Poi (X CPo)Px "= di.p,Px (3.53)
By the chosen con guration of the planes it must be inferred that di.p,; = dix.L -
DuetoLil=j L, the rejection is

cor_2:14

RL(x) = (x¢LihL i dLPx 6L = § dp.)Px €(Px ® Po)

= i d[x;L]Po (354)

Now the projection P_(x) = x j R L (X) = X + d, ]P0 is being tackled. First of
all, adding/subtracting a plane from a point gives a sphere as theey,-component is
left unchanged (one). LetSx = P_(X) = sy j %rge. The center s« of the sphere
is determined by the displacement of the scaled unit normal vector oP,. It may
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be gured out that value of the factor dy. jin R (x) guarantees thatsy comes to
lie on L. Hence the rst result is that the projection embodies a sphere orthogonal
to L, Px and P,. The analytical derivation of the radius by means of geometric
considerations is quite thorny. Instead the radius is being evaluated by squaring
the projection, which is known to be a sphere.

(PL(X)® = (i (x"L)L)? = (x"L)L(x" L)L
cor.:2:5 (i 1)2035 2 (X A L)L 2(X 7\ L)
= i(x~L)?
G221 (x eL)?
0 (dy Py
= [ d[zx;L];

where corollary 2.14 was additionally used. Thus the projection of a point onto a
line is an imaginary sphere with radius equal to the distance between point and
line. The center sy of the sphere coincides with that point which corresponds to
the Euclidean projection of x onto L, see gure 3.12.

Distance Point - Line

Along the above lines the distance between a point and a line can be computed as

L] = P (x ¢L)2 = P (x A L)2 (3.55)

Outer Product with a Point

Clearly, a line has the representation in
terms of two planes, i.e.L = P1 " P».

The OPNS product x* L must therefore
be a curve orthogonally passing through

x and the planes. The red circleCy, = C :iw A L)I
(x A L)I, see the gure to the right, C—%Jn —
meets these requirements. Similarly to Sy 4)
equation (3.49) it is H

Cx = (X" L) = jxOL™ S,

Note that Sy represents the projection
of x onto L, compare gure 3.12.

Fig. 3.13: The product (x ~ L)I .
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Example: Intersection with a Sphere

In the scope of omnidirectional vision it is often a necessity to project a point onto
a sphere. Intersecting the corresponding projection ray with the sphere yields a
point pair. Now it is being deduced how the correct point { the closer point { can
be determined algebraically, cf. [80].

For this purpose, let S = s %rze denote the sphere onto which the pointx is to
be projected. The respective projection ray is given by the lineL = (e” S x)I,
with L2 = j 12 = j d[zs;x], see equation (3.52). The point pair, a 3-blade in the
IPNS, is then

C = S™L:

Now it is used that a point pair can similarly be expressed as a degenerate circle,
i.e. by the outer product of a planeP and a point q. According to equation (3.38)
it is

cC"" P~ q;
where g is meant to be the sought projection ofx on S. Besides,P , with P2 =1,
has to be a plane passing through the centes of S. Comparing

- S L=0
(€2 = 1250 (sLy BT sre o 2

[s:x]

and
(P~ )2 ®2? (P eg)? = 12

it can be inferred that16
C" = dsxP " a:

Now q can be retrieved fromC*® using the invertibility of the geometric product

C+ d[s;x] P ¢q

d[s;x] Pq D
Co+r d[s;x] = C%+ (Cu)z:

Observing that e ¢P =0 and thus e ¢C* = d.,P, it follows
3 ,

. P
g = (e¢C?t C”+  (C%2:

Correspondingly, the oppositely located pointq®on S is given by
3 .

) p_—
q° = (e¢C?it c®j = (CP)?Z

such that
c® grq®

18 A closer look substantiates that no minus sign must be introduced.
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e, e,

Zr xZr

ge

Fig. 3.14: Translator T = P3P;.

3.4 The Operators of CGA

First and foremost it is to be mentioned that the main operation of CGA, which is
the re°ection in a vector (a sphere or a plane), is the subject of section 3.3.8 and
section 3.3.9. The operators to be dealt with here are compositions of re°ections
and are correspondingly represented by higher versors, see page 67. Bear in mind
that a versor is not necessarily a blade. It is begun with thetranslator, a versor
that expresses a translation in space. Self-evidently, a translation does not add a
“ve-dimensional o®set to a conformal point; instead all operators do only act on the
represented (underlying) Euclidean points, which is inherited from the re°ection.

While the re°ection is the basic transformation of the Euclidean group the basic
transformation of the conformal group is the inversion. As the re°ection can be
considered an inversion in a sphere with in nite radius, the Euclidean group, con-
sisting of isometriest’, is a subgroup of the conformal group, which additionally
comprises the locally angle preserving transformations.

3.4.1 Translator

Consider two parallel and identically orientated planesP1 = 0+ die and P, =M +

doe, whered, > d;. Let, at rst, x be a point such that the re°ection x°= j P1xP ;
lies between the planesP; and P,, respectively. Re°ecting x%in P, gives point
x%="; P,x%P, with the result, shown in "gure 3.14, that the planes lie between
the points x and x %

Since the distance betweerx and x%is 2(dy.p,;+ diop,;) and noting that the
distance between the planes igl; j di = dip,; + dxop,, it is intuitively clear
that the (unitary) versor T = P,P; describes a translation of length two times the
distance between the planes alongOn de ning t=2(d;j di1)f the representation
of a translator becomes

T = PyPq (’h + dle)(’h + dze)
1+(dyj dp)en
1 ite

HenceT displaces objects by the o®set.

To shown that this is also true for cases deviating from the above scenario the
impact of T upon an arbitrarily located point/sphere x = %+ %(xzi r2)e+ egis

Rigid body motions (RBM) that preserve angles and distances
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analyzed

y = TxP X +(tex)e+ e+t

[
= (x+D+ 3 (x+D%rf e+ g
y=x+t .
= ¥+ 2(,;,2' r)%)e"' €o:

It can be seen thatx is o®set byt and that the e-component is maintained as well.

Commutation of Translators
Given two translators their order of execution should, logically, be arbitrary. This

may be proven algebraically. LetT, =1 i %ﬁe and Ty =1 %ve, respectively, be
the translators. Hence

1
TuTy = 1 zdei jve+ 2 Bgxe = 1i svej zHe+ 71\1?2:1? = TyTu:

i tve2=0

Exponential Representation

Using the Taylor series expansion of the exponential function it can be seen that

(i 5re)
exp(i 3te) = Zkl =1 jte
k=0 ’
because all terms withk > 1 take the value zero
1 1
.1 2 — - . 2 _ .
1te)2 = “tete = | ~t%€? = 0:
(I 2 ) 4 l4

3.4.2 Dilator

A very related and often useful operator is the dilator. Due to its rather little
signi cance for this thesis, it is not being treated in full detail.

A dilator can be described by two concentric spheres, for example
D "~ S3Si;

which shows the similarity to a translator. In this respect, a dilator performs two
consecutive re’ections in the spheres, which results in an isotropic “translation' with
respect to the centerm of the spheres. Speci cally, dilating a point means scaling
that point by a constant factor D 2 with respect to m.

Assume at rst that the spheres are centered at the origin, i.e. m = e, Let
the radii of the spheresS; and S, be denoted byrs, and rs,, respectively. From
equation (3.39) it can be seen that

2 2 2
— rsl _ r52 _ _ I’
d[X %eo] ~ d[x o] and d[x Weo] — d[x o] =) d[x Weo] — I’% d[x eo]’
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wherex?” S;xS; and x% Dx [® ~ S»x%, was assumed. Hence the amount of
dilation is given by the ratio D := (rs,=rs,)?.

By means of equation (3.40) it can be deduced that
Dx [ -~ S»S1xS1Sy = d[zx;eo] d[zxo;eo] x 00 = rélxoo

suggesting that
SPRT

S1

(3.56)

such that, nally, DI¥ = D.

As already mentioned, a dilation may be carried out with respect to any pointm.
To see this, a translator T, with T e, = m, can be applied to the above derived
dilator D, i.e. considerD %= TD E.

To summarize, there is one degree of freedom: the choice of the sphe3e. Sphere
Sz must be concentric with S; and its radius rs, must satisfy rs, =  Drg, so as
to have the dilation D. HenceS; is fully determined after S1 has been chosen.

Componentwise Representation

Here it is focused on the multivector components of a dilatorD as de ned by
equation (3.56). Again, letm = e, Hence letS; = j %r2e+ € and S, =
i %D r2e+ e,. Pursuant to equation (3.14) and equation (3.17) it follows

S, ¢Sy
r2

SN Sq
r2

= 3(1+ D) and = 3(1i D)E

so that
D = 3(1+D) + i(1i D)E:

Ultimately applying the translator T =1 j %me, with T e, ® = m, to the compo-
nents of D vyields

T1P =1 and TEP = E| me:
The general formula for a dilator D at m with delation D is therefore

D = J(1+D)+ (1 D)E i me): (3.57)

3.4.3 Rotor

A rotor describes a pure rotation, that means a rotation about an axis passing
through the origin only. It therefore has an equivalent representation in terms of a
3£ 3-rotation matrix. Alike the translator, a rotor may be expressed by means of
two consecutive re°ections in planes passing through the origin. Figure 3.15 may
serve as an example: the rst re°ectionx®= j P1xP 1 of point x is further re°ected
in the plane P, and gives the rotation x°°= Rx R.
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Let P1 = and P, = M be the planes of the rotor

R = PoP1 = Mmceh + MMM

Next it is being demonstrated that such a multivector in fact represents a rotation.

Recalling that dje,.x] = P i 2eo €X, it is immediately clear that a rotor retains the
distance from the origin because

)

e, ¢(Rx R) (A6 € CX:

The line of intersectionL = P P is supposed to be invariant undeR and indeed
s ,

RL R

P32P1 2(P1P2i P2P1) PiP,

3 P2P1P1P2P1Py | P2P1P2P1P1P;
= 3(P1P2i P2Py)
L

Let A% and P denote rotations of M and rh, respectively, about line L (all vectors
are coplanar). By equation (2.39) or the early elucidations on page 23 it is known
that M N%= M~ A and likewisem°¢n®= M ¢A. Thus given a point x, two planes
P2=n%and P{= mPcan be chosen such thax lies onPp i.e. x ¢P2=0, and
additionally R = P,P; = PSP Now if p denotes the angle between the planes, i.e.
P1 ¢P, = cosy, the angle betweenx and its ‘re°ection’' Rx R = j P2°><P2°amounts
to 2. This shows that, irrespective of which pair of planes is chosen, it is rotated
by twice the angle between the planes.

De nition

Let %u be the angle between the plane$; = h and P, = M. Upon de ning the
normalized line @ 2 h 3, Y2 41

_ u 1—
™A (A31) —. M —
= ] — N - = _
b = | A A where ki~ Nk sin 3 = (3.58)
the rotor for a rotation by an angle p may be de ned as
po poA
- _ Hoogin B op
R = mn = cos 5 sin 5 B (3.59)

Note that a minus sign is introduced so as to have a right-handed rotation in respect
to the line B; regarding the oppositely oriented linem”" A the rotor R = MnA would
rotate in a negative sense, as illustrated in gure 3.15.
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Fig. 3.15: Rotation of x by R = P2P4, whereP; = h and P, = f (planes indicated
by lines only). The vector ¥ denotes the orientation (see page 25) of the rotation
plane P~ = (Mm" n)l ‘El = M £ N. Note that x is negatively rotated, i.e. in a
non-right-handed sense, regarding.

Exponential Representation

Since equation (3.59) strongly resembleEuler's formula { only P has to be replaced
with the imaginary unit i 2 {and sinceP2 = i2 = 1, it may directly be deduced
that H 1
R=exp | ob : (3.60)
2

Example

Let the rotation axis be given by the vector 1 = 3e; + 4e, + 5e3. Assume that it

is to be rotated by an anglep = %1/4 Normalizing f results in the vector

A = 0:4243, + 0:5657%, + 0:7071es3:
With equation (3.50), the line P = hl ¢ can be calculated
b = 0:7071e12i 0:5657e13+ 0:4243e53:

Multiplying with j sin(u=2) and adding the scalar part cos(i=2) = 0:8192 nally
yields the rotor

R = 0:8192; 0:4056e;, + 0:3245e13 | 0:2433ey3:

The parameters can be retrieved very easily from the rotor. This is detailed for a
motor, the most general transformation to be discussed here, in section 3.4.5.

As a comparison consider the representation of a rotation matrixR 2 ! 3£3 pelow.
Similarly, it describes a rotation around a unit normal vector i = nye;+ nyex+ N e3
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by an angle .. Notice that it is refrained from expressing the rotation in terms of
Euler angles

2 3
n2(1; cosp)+cos Nkny(li cosp)i nzsinp nynz(lj cosp)+ nysinp

R = g Nyny(1i cosp)+ nzsinp n§(1i COSH) + cos | Nynz(1j cosp) i Ny sSinp Z
nxnz(1j cosy) i nysing nynz(1j cosp)+ nysinp nZ(1; cosp)+cos

Both approaches have certain advantages. The matrix representation is probably
more ezxcient, i.e. less multiplications and additions are required to carry out a
rotation, but using a rotor is much more intuitive and handy. Besides, the repre-
sentation by means of a rotor is condensed in that four components hold the three
necessary parameters. Last but not least, the parameters are not so strongly mixed

up.

3.4.4 General Rotor

A so-calledgeneral rotor allows for rotations about arbitrary axes in space. It shall
be discussed shortly because it di®ers only slightly from a rotor or a motor.

As one might expect, a general rotor di®ers from a rotor only in that the intersecting
planes are not bound anymore to pass through the origin. Like before, the general
rotor rotates by twice the included angle. Similarly, the rotation axis is given by
thelineL " j Py P if the rotor (for brevity, the term “general' may be omitted
from now on) was de ned by R = P,P;.

Example

Say a general rotor is given byR 4 = PpP4,, where the opening angle between the
planes amounts to %A. It shall, however, be rotated by the di®erent anglep. The
rotation axis L can be retrieved by

L? = MRai,;

and for a normalization and a correct orientation

i LO i Po” Pa
L = p'— or equally L= p—m-s—:
i L® i (Po" Pa)?

The new rotor is then obtained with

Ry = exp i %‘L : (3.61)
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Fig. 3.16: Rotation about an arbitrary line in space.

Displacing a Pure Rotation

A general rotor can also be viewed as an o®set pure rotation. This can be accom-
plished by means of a translatorT. Hence if R, denotes a pure rotor, the shifted
(general) rotor R can be expressed via

R = TR,F: (3.62)

Clearly, if Ry = PJP2then R = (TPJIE)(TPLP) = PyP1.

But transformation (3.62) can also be interpreted stepwise: the leftmost and there-
fore “rst subtransformation F of R rigidly moves the coordinate frame centered at
x = T e, F, see gure 3.16, to the origin where the pure rotation ofR is carried
out. Finally, T undoes the change of the coordinate frame.

Using the pure rotor R, = M N and the translator T =1 j %re, the general rotor
R becomes

| ¢ ¢

R = '1j ite mn'1+ lte

mA i (te)£ (mn)

Ry i tema ) e
"y T

358 . ST
G528 s B i sin B brsin B oteb e
2 2 2
H uﬂ H Uﬂ h 3 T
= cos -~ jsint B t¢eb e
2 2
(3:51) uuﬂ uuﬂ
= = in = L; .
s 5 i sing L (3.63)

in analogy with equation (3.61).

Exponential Representation

The exponential representation is now being derived by means of the exponential
representation of R, as stated in equation (3.60). LetL , denote the rotation axis
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of Rp. Thus
)4
R = TRy® =T (i 3 p) P
P k!
A R |
_ R GRE TR R DR TLP
k=0 k! k=0 k!
M 1 H 1

whereL = TL,P.

Note that the versor outermorphism for T, with T® = 1, was used,; it is, for
instance, TL°P = TLPTLP®=(TLP)2

Rotation in Detail

i ¢ i ¢
Let R be a general rotor. The expressions ccl)§ and sin 5 are being abbreviated
to c and s, respectively. Expandingy = Rx R then gives

(cj sL)x(c+ sL)
cx +2cs(x ¢L) i s’LxL
X +2cs(x ¢L)+2 s?(x ¢L)L;

y

where is was used that

(xeL)eL = (xEL)EL
= (xLL j LxL j LxL + LLx )=4
— .oX . xL
0 - b2 T
iLxL = x + 2(x¢L)L;

which describes the re°ectionLx E of x in L (rotation about L by 180%). Applying
the results (3.53) and (3.54) gives

i ¢
RX® = x+ dyi) 2csPyi 252P,
3
= X+ dy,; sinuPx+ (cospj 1)P, ; (3.64)

where the point dependent representationL = PyP, was used.
For an interpretation the (pure) rotation of a vector 1 u2 3 is now being analyzed.

On de ning the skew symmetric matrix A2 3£3
2 0 3
i rsra
A=4r; 065 THE A= rgg o u2 @
irazri O

18 Temporary use of the matrix notation!
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and setting p= krk, Rodrigues's formula (1840), cf. [56, 37], states that

= R (3.65)

= g+ SMHAL (1i (;OSH)Az
H M
where R denotes a rotation matrix for rotating about the vector r 2 3 by an angle
p= krk. Thus with #:= r=pit holds that

Ru= u+sinpyf£ u+(1 i cosWte (F£ u): (3.66)

Identifying 4 := % with the direction vector of a line P2n 3l, Y2 41 passing
through the origin, the line may be expressed in respect of poinu ;= K(d:= u),
thatis B = (', * ho)l L1 (see page 116), such that

rEH

(@ ﬁ0)||i51/\13‘)||i51 = j @@ (hu/\ﬁo)lle)lél

HO(hy " M)l EMe) = woR = d pPu:

This shows the connection or equality, respectively, between equation (3.64) and
equation (3.66); only u has to be replaced withx.

The Orthogonal Part

Like in gure 3.16, the translation of T may be separated into a translation Ty
parallel or inside, respectively, the rotation planePx and an orthogonal translation
T, along the rotation axis L. Hence letT = T,To = ToTp, with T, = PPy where
fPy;Pug kPp. Again let Rp = PPL Due to fP{ P ? Py, the planes of T, and
Rp, respectively, anti-commute such that

i PyP?
L}Jﬁ{l
R = (TpTo)Rp(Tofp) = ToPPLPIPP, P, 2 TPPX, = TR, T
Consequently, a general rotorR commutes with an orthogonal translator T,
RTo = ToR:

This suggests a new operator, hamely thenotor, which can be viewed as ascrew
motion1®.

3.4.5 Motor

For an introduction consider at rst two congruent objects, or simply two point
clouds, X 1 and X » in 3D-space 2; both have a distinct position and orientation.

19The alternating execution of arbitrary small portions of general rotor and orthogonal translator
can be thought of as a screw motion.
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Now let fl'l and f|-2 be translators that move the barycenters ofX ; and X », respec-
tively, to the origin e,. It then exists a (pure) rotation R that aligns the copy of
X > with the copy of X 1, cf. [5, 25]. It may be inferred that

fl—]_X 1T1 = Rp(frzx 2T2)Ifqp

X1 = iri?f’if X szlf?pﬁ'l:
= M

The transformation of M is taken as the most general case for a rigid body mo-
tion, whence M is called a motor. It is now being shown that there is always a
decomposition of M into a translation and a pure rotation, i.e. M = TyRp. In
addition, a motor may always be represented by means of a general rotatioR and
an orthogonal translation T, as suggested at the end of the previous section.

Clearly, each of the translators may be split into a parallel and an orthogonal part,
denoted by a superset? ', regarding the rotation plane of Rp. Let Ty = Tor7 and
T, = TJT7 such that
? ?
M = TR, TP = FfEZ}TloRpﬁ-zo = ToT{R,T2
= To

Since a rotated translator still is a translator it follows

TL=TAR TR, o
ﬁ {) z| {

M = To TOR, TR, Ry = ToTL Rp = TmRy:

which is the preferred and also an intuitive representation for a motof®.

As the orthogonal part T, commutes with the rest of M it is disregarded for a
while. In order to show that T_ R, is a general rotation TpRpr'p let Rp = cj sb
and T =1 %l‘e. Exploiting that t lies on the plane dened byP 2 h 3i,, 1€
t=j tP2=j (t¢P) ¢b, one has

TLRp = (1 ite)ci sb) ci sb+ é(st@i cte

ci sB+ i(st+cteR)ceb e

Ultimately setting p= 2—%1’&:9 + 5 it can be seen that

3
TLRp = ci s P (ptR)e G2 ci sL = R

is in e®ect a general rotationR = TpRIOfrp about line L with foot K(g). Finally
two major representations can be subsumed

M = TmRp = To(TpR,Tp): (3.67)

20| jkewise, dehing Tr = R, TR, T2 shows that RpyTr = TLR,.
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Exponential Representation

Let the motor M be given in terms of the general rotorR = cj sL and the
orthogonal translator T, = 1 j %roe. Hence letM = Ty,R. In this case the
commutation of R and T, implies that the respective arguments of their exponential
representation commute as well, that means

(i 368 £ (i 5L) = 0:
Hence a general result fromLie theory, see [12] for an introduction, can be used
AEB=0 0 exp(A)exp(B) = exp(A + B):

This may be proven directly, as in [37], or by means of the BCH Baker Campbell
Hausdor® formula [24], which exploits the commutator formalism.

Thus

exp(i 3to€) exp( MLy
u

exp i 3tei gL

M = TR

Note that the bivector in the argument of the exponential function is not a blade
any more.

Componentwise Representation
Employing L = P (p¢P)e, with B = 41 ¢, the expanded form of a motor reads

3
M = F_i{zS_$+ s(peb) | jcto e+ istige with t:= t, O
Rp

Hence a motor di®ers from a general rotor in that it has the additional 4-vector
component%tsin(p:Z) | e e, wheret 2  denotes the (signed) amount of translation

along the direction r= RI i1 of L.

Factorizing a Motor

Here it is focused on the determination of the component® ,, Ty, To and Tr,. First
of all, given a motor M , the pure rotor R, can be extracted via

(A:33)

Rp EC¢E"M) (3.68)

Now T, can easily be computed, see equation (3.67), via

Tm = MRy (3.69)
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The orthogonal translator T, can be obtained by evaluating

Rp¢M
RpOCR,’

(3.70)

To see this letM = T,R, whereR = TIDRpﬁ'IO denotes a general rotation. Assume
further the special con guration of planes

Rp = c+sPAPY P2PY = 0
To = 1+ Pa~Py PatP, = 1
R = ct+sPi NPy Pi¢P, = O0;

where, as usual,c and s stand for cos(u=2) and sin(u=2), respectively. Note that
P, and P, are translated versions ofP 2 and P It follows
Rp ¢M (c+ SPPA P (L + Pa” Po)(c+ SP17 P)

(c+ sPPA P ¢(c+ sP1” Py+ cPa” Pp+ S(Pa” Pp)(P1” Py))

All products involving a scalar can be disregarded as they take the value zero. Also
the inner product with the term cP4 " Py is zero due to the mutual orthogonality
of the planes. It remains

(PO PY ¢(sP1 A Py) PP | 2(POeP,)(POCP,) = | 2 (3.71)

The orthogonality allows for (Pa” Pp)(P1” P2) = PaPpP1P2 = Py Py P1/ Po.
By means of corollary 2.15 (and particularly by example 2.9) the last inner product
gives

3

(PPN P &(sPa” Po PiAPy) = 8% (PPOP1) 6(P1” P2) (Pa” Pp)
= | S°Pa” Py (3.72)
Combining equation (3.71) and equation (3.72) yields
RptM = | s?(1+Pa”Pp) = | ? Ty
Proposition (3.70) follows observing that

Rp¢R, = (ci sP)¢(ci sk) = s2P? = ; &% (3.73)

In order to calculate translator Tp =1 | %l‘e, the second row of equation (3.63) is
taken into account. Using that te = 2(1 j Tp), the equation can be converted to

Rpi [2Qi Tp)l £ Rp
Rpi (Rpi TpRpi Rp+ RpTy)
Rp+ TpRpi RpTp

R
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L,

as

Fm Ly

Fig. 3.17: Re’ecting in line L1 and then in line L , gives the motorM = L L 1.

Now consider the expression
N ,

Rigff?p = 3 (Rp+ TpRpi RpTp)Ryi Rp(Rp+ TyRy i RpTy)
= Tpi %(Rprlﬁp” RpTpRp): (3.74)

The latter term reminds of the complex numbers; identifying the complex plane
with the rotation plane of R, and T, with exp(i0) = 1, the last term re°ects

building the average of a complex number exp(t) and its conjugate exp(j i),

which gives the real part (parallel to Ty). Hence the last term represents a dilated
version of Tp. The result in the complex plane would be cosf) and likewise

TO == L(RpTpRp+ RyTpRp) = 1§ Scos@te:

Substituting Tg’ back into equation (3.74) gives
3

RER, = Tpi T9= 1 cos)i 1te = RyER;

where the last equality comes from
RER, (ci sL)E(c+ sP)
(ci sB)E(ci sL)

i SPLED = $PPEL = S B)E(i L)
Rpf R:

Finally noting that cos(2 W) i 1= j 2sin?(u=2), equation (3.73) can be used such
that

RpE M
Tp =1 ;Rpjmp: (3.75)

whereRp£ M = (RpER)To = Rpf R was additionally used.

Example

Here one possibility to calculate the distance between two lines is proposed. A
single line can be seen as a general rotor with angle = 180*. Re’ecting twice,
however, results in a motor as depicted in gure 3.17.
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Given two lines L1 and L », a pair of parallel planes can be found such that each
line lies on a plane, sayL; lies on planeP;, i 2 f 1;2g. The distance between these
planes corresponds to the distance between the lines. For each lihg, on its plane
P;, a unique orthogonal planeQ; can be found such thatL; = P;Q;. It may be
deduced thatQ; ¢P; =0, i;j 2f 1;29. Hence

zJr{zfi
M = LoLi = P2Q2P1Q1 = j P2P1Q2Q1 © ToR:

Therefore, equation (3.70) can be used to extract,. Given a point a, the distance
between the lines may then be computed by means of

q -
Aot = Gargaty = i 22 EToalo);

where, for instance,a = ey can be selected.
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Chapter 4

A Primer on Pose Estimation
with CGA

In this chapter it is delved into the subject of perspective pose estimation, speci -
cally from a CGA standpoint. A method for estimating the pose of a camera from
one image of a known object is to be presented. The method emerges from a purely
geometric approach and does entirely reside in conformal geometric algebra.

In pose estimation the orientation and position of
one internally calibrated camera is recovered from
its images. For example, when a criminal investiga-
tor tries to infer the perspective from which a photo
was initially taken, he basically does pose estima-
tion. If the same task is to be automated, as here,
all information must be made available in a digitized
form: the 3D-point model of at least one pictured
object is assumed to be known together with a set of
correspondences, which correctly interrelate model
points and image points. This kind of pose estima- Fig. 4.1: Pose in general:
tion is often referred to as the “perspectiveN -point position and orientation
problem' (PNP).

One step prior to pose estimation is usually to assure to have an internally calibrated
camera. This involves the determination of all those camera parameters that do
not depend on position and orientation of the camera in space. These so-called
intrinsic parameters are the principal point o®set (the coordinates of the pixel
where the optical axis hits the image plane), the focal length and, if needed, the
distortion coezcients.

If the pictured 3D-object is described in camera coordinates, with origin at the
optical center of the camera, it is possible to specify the equation of evergrojection
ray given the respective image point of an internally calibrated camera. However,
having the 3D-point model in terms of the camera coordinate system is very unlikely,
except the model has been transformed, as the camera may move around.

135
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If the projection rays, and thus the whole imaging system, are to be expressed with
respect to an external world coordinate system, six additionalextrinsic parameters
have to be introduced. They re°ect arigid body motion (RBM), consisting of a
rotation and a translation, so as to allow for an arbitrary position and orientation
of the camera in respect to the external coordinate system. So in short, determining
the RBM is pose estimation.

4.1 The overall Principle

The general approach to the pose estimation problem in the text bases on the
following key assumptions:

1. a 3D-point model of the pictured object, given in respect to an external world
coordinate system, is available

2. for each point in the object model the corresponding image point (object
pixel) can be determined if it exists (view dependent}

3. for each object pixel a projection ray, expressed in terms of the camera coor-
dinate system, can be computed

computed

3D-point model

a

(@) DU
E G camera £
movement

Fig. 4.2: Pose estimation: tting the red wolf W ¢ to the computed red projection
rays, the black wolf W g is obtained being the connection to the external coordinate
systemOg. The inverse RBM (a translation only) then re°ects the camera pose.

The principle shall be demonstrated with the help of gure 4.2. There the “object
model' is given by the wolfWEg. Itis de ned with respect to the external coordinate
system at Og. The camera with its optical center O¢ is assumed to move o® the
coordinate system atOg in a fronto-parallel manner, i.e. sideways on, with respect
to the °ank of the wolf.

1The correspondence problem is referred to as “matching'.
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Since the wolf Wg is rigidly connected to its coordinate system by means of
the coordinates themselves, any transformation of the wolf can likewise be con-
sidered a transformation of its coordinate system. Now if the wolfWg, in its
Og -representation, is placed in the camera coordinate system, the wolV ¢ is ob-
tained; it would project to the left palish drawn wolf on the image plane. The idea
for solving the pose estimation problem is to rigidly transform W ¢ such that its
projection comes into agreement with the 2D-sensory data of the camera, i.e. if the
pale and dark wolf coincide. Note that, technically, the agreement is established
in 3D rather than on the image plane; the 3D-point model is transformed such
that each model point comes to lie on its respective projection ray (expressed as a
conformal line), see the gures 4.2 and 4.3. This technique is referred to a&D-3D
pose estimation cf. [57, 105]. Of central importance for PNP, also regarding later
chapters, is the corresponding CGA condition equation

(Ma M) ¢L; = 0; 4.1)

which has to be ful lled by the RBM M for every pair of model point and projection
ray (aj;Li), 1 - i- N. Provided this condition holds, both wolves, Wg and the
transformation of W ¢, coincide. Especially, if the computed RBM is applied to the
basis vectors atOc¢, the coordinate frame at Og is obtained, and the pose of the
camera is given by the inverse RBM.

/proj. ray

L 3 /L

3D-point
model

camera
coordinate
system

Fig. 4.3: 3-point pose estimation in 3D

Hence the technique for solving the pose estimation problem consists in nding
the best position and orientation of the 3D-point model inside the projection rays,

which is called tting . This best 't is equivalent to the camera pose in that both

can be calculated from each other.

4.2 Overview

The method to be presented here [42] can be subdivided as follows: initially prob-
lems covering only subsets of three feature points are solved and globally assessed.
For this purpose the object model is pruned and rigidly tted to the three corre-
sponding projection rays by evaluating a succinct CGA expression which will be

2This method is unique if four or more model points are involved unless they form a critical
con guration, see [4]. Clearly, in case of symmetries in the model multiple solutions arise.
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derived from geometric considerations. It results a set of 3-point poses each given
by a motor. These spinor elements of CGA embody rigid body motions from the
manifold SE(3), see section 3.4.5. The poses are then to be averaged according to
their quality. This is the second key aspect of this chapter as the respective motors
do not come from a linear space and averaging must be carried out appropriately
[55]. Accordingly, a technique called weighted intrinsic mean is used.

The geometric formulation of P3P by means of CGA simultaneously motivates a
sound subset selection strategy fopoint triplets (a group of three points), i.e. not all
possible 3-combinations in the correspondences must be considered. It will become
apparent that the respective P3P-solution is fully determined by a certain angley®
only. The geometric approach further leads to an algebraic functiorh(p) 2, with

W” being a root of which. For each root the corresponding RBM is globally assessed
regarding its e®ect on the entireN -point scenario. The set of 3-point candidate
solutions can then be reduced by solutions from obviously false correspondences.
This relaxes the requirement of knowing all correspondences beforehand. The re-
maining RBMs, at most one for every triplet considered, are nally averaged by
means of the weighted intrinsic mean, which is tailored to elements 0SE(3).

4.3 Related Work PNP

The classic but challenging task of pose estimation is from the eld of computer
vision. Most approaches to that subject are iterative, highly non-linear or require
an initialization. Closed form solutions to the 3-point problem (P3P), where the
number of correspondences is three, exist [58, 86] but may result in up to four
distinct solutions because P3P is not necessarily uniqgue. As extension to P3P it
is also possible to consider four points. Fischler and Bolles [31], for example, take
subsets and perform consistency checks to eliminate the P3P ambiguity for most
point con gurations. In [101] Quan and Lan present an algorithm capable of nding
the unigue solution to PNP. They rst generate a global system of linear equations
based on all correspondences. Next, the exact 3D-vectors to the object points
w.r.t. the camera coordinate system are estimated. Finally, camera orientation
and position are evaluated one after another. But this class of techniques is shown
in [66] to improperly model the physical imaging, i.e. a perspective projection must
be considered. Rosenhahn and Sommer [104] formulate algebraic constraints with
CGA. They obtain a hybrid system of linear equations based on correspondences
between points, lines and between point and line. Starting from an initialization
the pose is iteratively estimated in 3D. It is to mention that such global PNP
approaches are not able to spot and disregard false or noisy correspondences.

4.4 Thales' Theorem Revisited

In this section it is demonstrate how a simple geometric theorem motivates a solu-
tion to P3P.
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The generalization of Thales' theorem states that, given a circleK , the centric
angle\ (x¢mx;) at m is twice the peripheral angle\ (x%0;x1) at O, cf. “gure
4.4. This fact can be used to de ne two successive rotations: the rst rotates<;
to x? and the second rotatesx? back onto the straight line connecting O and x1;
the point x{%is obtained. It is crucial that any second point x, on K also moves
directly towards O when applying the same rotations. Moreover, the distance from
X1 to X, stays constant since rotations are distance preserving.

Zq

/
e

o

Fig. 4.4: Left: the generalization of Thales' theorem explains why two successive
rotations form a translation. Right: the transformation can be realized by a se-
quence of four re°ections in three well-chosen planeB, P, and P3. The overall
transformation is then R, = P1P3P,P;.

Before the value of this observation is enlightened, the coupled transformation,
denoted by R, is being worked out in terms of a CGA expression. Therefore each
of the two rotations is replaced by two re°ections in suitable planes as indicated on
the right side of gure 4.4. Two rules have to be obeyed: the dihedral angle between
two planes that are supposed to represent a rotation must be half the rotation angle.
Further, the line of intersection between the planes must coincide with the rotation
axis. The two rotations can ultimately be realized by four re°ections in the three
planesP1, P, and P3 because pland®; can be used twice. The order of application
must be Py, P2, P3 and P, again. From this the motor R, = P;P3P,P; can be
obtained, cf. section 3.4.3. For the derivation a canonical coordinate system can
be taken as a basis, cf. section 2.3.4, page 68. Let

P1 = ey
P, = cos(yer+sin((ex+re) and
P3 = cos(u=2)es +sin(u=22) ey;
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wherer denotes the radius of circleK . After some algebra it follows
h 3 T

Ry cos(p=2) + sin(u=2) eiex+ r (cos() + 1) e1e + sin( peze
z

Ly

3

exp p2L, : (4.2)

The elementL , is a line representing the rotation axis ofR |, and plays the role of
the imaginary unit i of complex numbers, forLﬁ = i 13. On writing

Ry = P1(P3P2)Py

it can be recognized thatR, is the re°ection of RS := P3P, in plane P1. Hence
R, rotates by an anglep being twice the dihedral angle betweenP3 and P,. The
position of R, is depicted on the left of gure 4.5.

Fig. 4.5: Left: depending on the angley, the motor R, “orbits' around circle K .
Right: each point x 3 on the circle C guarantees a congruent triangle.

Recall that initially 3-point problems are to be tackled. Thus 3-point models (trian-
gles) have to be tted to three corresponding projection rays. Clearly, a two-point
model can easily be tted: simply follow the angle bisector of two projection rays
until the model forms an isosceles triangle with the projection rays, whereO is
considered the optical center of the camera. Then one possible 2-point t is ac-
complished. Now let K be the unique circumcircle of that triangle, whence the
canonical coordinate systerfi and the motor R, can be de'ned. Thus a two-point
model can rigidly be moved such that the constituent model pointsf x 1; X g remain
on their respective projection rays, i.e. the 2-point t may be varied w.r.t. p. Note
that certain ts must necessarily be extendable to 3-point ts if these exist.

Not to be confused with one of the projection rays.
“Notice that the canonical coordinate system is actually made use of.
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For this purpose it has to be gured out where a third model point x3 can be ifx 1
and x, are already Xx. As illustrated on the right side of gure 4.5, the locus of
possible points is given by a circleC. In which way this result may contribute to
a solution of the 3-point problem is discussed in the next section.

Fig. 4.6: Distanced between circleC,, and the third projection ray L 3.

4.5 The Perspective 3-Point Problem

To recap, three 3D-model pointsf X 1; X 2; X 3g in conjunction with their correspond-
ing image points are considered. From these the respective projection rayd 1;
L »; L 3g are computed so as to t the model.

Assume that the circle C, the locus of the third point x3, would likewise be sub-
jected to Ry, while the same transformation is used to movex; and x» along their
respective projection rays, see gure 4.6. LetCy, u2 (i Ys; % denote this rotated
version of the circleC = Cy, i.e.

C, = R, CRy:

Note that C denotes the initial circle wherex1; x» and O form the isosceles triangle
(x1;x2 lie on K'). Then a possible 3-point t is obtained if C, intersects the
third projection ray L 3; the point of intersection is the sought position of x3.
Subsequently, a way for determiningu is presented.

As shown in the table on page 93, the intersection of a line (projection ray) and
a circle gives a point, unless line and circle do not intersect. Generally, the cor-
responding CGA expressionC, * L 3 represents a sphere. Since only degenerate

5The assumede; e;-coordinate system is accordingly extended to three dimensions.
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spheres, these are conformal points, square to zero, a suitable function for retriev-
ing Wis
h() = (CyrLg)?* 2 (4.3)

Itis a relatively simple, univariate and scalar valued algebraic distance function with

k - 4 of h(p), the iterative Newton-Raphsonmethod is employed because all deriva-
tives are analytically available.

The derivative of h(p) = (R,C If?u" L)? w.r.t. angle p can be calculated by taking
advantage of the chain rule. Di®erentiation of the inner term vyields

, g T A

d
du

According to the previous result in equation (4.2), it can be seen that

Ry _ Ry L dy
dan 2 T H

It remains to build the derivative of the orbiting line L, which turns out to be

dL .

d—u“ = r(cos(wezei sin(Leie):
At this point the derivative of equation (4.3) follows after substituting, in reverse
order, the partial solutions into each other.

Let W, k 2 ! o, be the value of iteration k that belongs to the i ™ root of h().
Then a typical Newton-Raphson update step is
n #
d
k+1 _— k. —
ST =W h(W=--h
H Wi h(w an (W

M= e

“rst, the respective motors R ¢ and 3-point ts are calculated. In a second step
each tis carried over from the canonical coordinate system back to the camera co-
ordinate system. There the interrelating motor® M u, being the connection between
camera and world coordinate system, is estimated by means of standard methods,
see [5, 72]. In case of perfect measurements, i.e. if all data was free from errors, one
of the motors M o would already be the solution to the entire N -point problem
so that identity (4.1) would be ful'lled. Since this is unrealistic, the aim must be to
pick the best pose candidate available. Consequently, each motor is applied to the
N -point model. Next the Euclidean distances between transformed model points
and corresponding projection rays are calculated, which eventually yields a set of
root mean square distances; the motor with the smallest distance is selected as the
solution to P3P.

®In this case a transformation between two congruent point triplets (not collinear).



4.6. THE PERSPECTIVE N-POINT PROBLEM 143

4.5.1 Crucial triplets

It remains to specify the subset slelqption strategy for triplets in order to put a limit

on the computational complexity '\:‘J’ . The solution arises from the observation that
the impact of noise on two nearby projection rays is much stronger than the impact
on two distant ones when subjected to pose estimation algorithms. Hence those
triplets are selected the image points of which form maximum area triangles on the
image plane. Then the e®ects caused by the noise of the image point coordinates are
minimized as the possible uncertainty of the model in the projection rays cannot
carry much weight in a relative sense. As a byproduct, cases in which all three
projections rays are (nearly) coplanar are avoided.

The selection procedure is as follows: point by point, a suitable supplementary point
pair is selected such that the resultant triplet ful Is the maximum area condition.

In case a triangle is already assigned, the next biggest triangle is considered. Thus
each point is at least once contained in a "big' triangle. Eventually,N triplets are
obtained, which are all to be input to the three point algorithm. The respective
results, i.e. the motorsfM 1; M ,;:::; M yg, have to be merged if one decides
against a ‘the winner takes it all'-strategy. This process in particular has to be
done correctly.

4.6 The Perspective N -Point Problem

As already announced, the issue regarding the fusion of the P3P motor§M q;

SE(3), being a manifold, the customary arithmetic mean must not be used:
A;B 2SE(3) 6) A+ B 2 SE(3):

The Lie group SE(3) is connected to its Lie algebrase(3) (tangent space to the
identity element of SE(3)) by the exp/log map. Note that in se(3) any customary
mean can be built as the algebra elements form a vector space. This is exploited
by the “weighted intrinsic mean', in which the log map [22] is used to compute
“rst-order mean approximations via the tangent space, see [33, 14]. Th&l motors
are input to the outlined algorithm below, where the weightswi, 1- i - N, re°ect
the motor assessments. Starting from the motorM = identity the subsequent
three steps are repeated untiljjlog (¢ M )jj falls below a certain threshold?.

i ¢ :
1 ¢A; = log Mi!M; 1-i-N

PP ’ P
2 ¢M = exp & LwicCA, w=" N w (4.4)
3 M = M¢M

Notice that the motor M is repeatedly updated by the residuals ¢M , which orig-
inate from the weighted averaging of algebra elements &, 1- i - N. The term
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M i M in step 1 moves the input closer to the identity element of SE(3) in order
to minimize the averaging error in step 2. A derivation of the algorithm and a
uniqueness proof is given in [16].

Experimental results can be found in section 7.3.1, where the presented method
serves to provide initial estimates.



Chapter 5

Parameter Estimation

The combination of a stochastic parameter estimation with geometric algebra is
one of the fundamental aspects of this work. What makes these two concepts go
well together is the bilinearity of the main algebra product - the geometric product.

The throughout employed estimation method, hereafter called theGauss-Helmert
method (GH-method), amounts to the most general from of least squares adjust-
ment, cf. [74]. It is founded on the homonymous linear model, which has basically
been introduced by Helmert in 1872 [60].

In this chapter, all relevant aspects concerning the parameter estimation as used in
the scope of this thesis are detailed, but an introduction to the underlying proba-
bility theory cannot be provided. At rst, a brief overview and a theoretical cat-
egorization of the most common estimation methods, together with the respective
terminology, is given. All then following explanations and derivations are intended
to be from a practical point of view.

5.1 Introduction

In general, the object of estimation theory is the inference about a population of
entities by appropriately analyzing observations, that is samples, drawn from the
respective population. This can include testing a hypothesis, making a prediction
and of course estimating parameters. These are more or less explicitly the param-
eters of a probability density function (pdf); the parameters used in a functional
model that describes the observation-generating process possess a distribution, too.
If a distribution is to be estimated in terms of the pdf itself, it must be di®erentiated
between two philosophies:

Parametric estimation: The outcome are parameters, or con dence intervals of
which, that characterize a certain aspect, e.g. the pdf, of the problem at hand.
Several assumptions can °ow into the estimation: the type of the distribution

might be known a priori or knowledge about the functional model, say a linear
dependence between the samples and the parameters, may be incorporated.

Non-parametric estimation: If a distribution cannot be parameterized in a sensible
way, like by the rst two moments in case of the normal (Gaussian) distribution,

145
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it is advisable to employ the non-parametric estimation. No assumption about the
distribution of the population is made. As a bene't, no wrong assumptions can
be made. The outcome is, comparable to interpolation, an approximation of the
pdf. The simplest example would be a histogram. Further to mention is the kernel
density estimation.

Subsequently, the key ideas concerning parametric estimation are to be conveyed.
Besides, the ve quality criteria unbiasedness, minimal variance, consistency, et-
ciency, suxciency and robustnessfor estimators are brie®y explained. After that a
small example on parameter estimation is given.

Note that random variablesare labeled with an underset tilde, e.g. ¥. However,
most of the time it is dealt with realizations y of random variables\y.

5.1.1 Point Estimation: a Motivation

and identically distributed (i.i.d.) random variables. Assume a normal distribution
with mean * and variance¥#, denoted by X i » N (*;%). Let x1:::xx be asample
from the random variables)v( 117 z,( k. Then the sample mean

1 X
X = — Xi
n .
i=1

is an estimator for the population mean?.

So generally, the result of estimating a parameter from one realization of the ran-
, 1, is referred to aspoint estimation. If, in contrast,
the intervals are to be determined in which a parameter (or a function of which) lies
with a certain given probability, an interval estimation must be used. A point esti-
mator can be considered a zero-length interval estimator because this corresponds
to nding the (in nitesimal) interval of maximal probability. In the following, how-
ever, it is only dealt with point estimation.

Calculating the expectation E(X) of the respective X

_ X X X
EG) = E(p X0 = o EG = o b=t o= EQL)
i=1 i=1 i=1

wherei 2 [1;k] , shows that the estimator isunbiased which means that no system-
atic error is introduced. This is not natural: in order to estimate 3%, the corrected
sample variances2 must be used, that is it must be divided by k j 1 rather than
by k
X
;= kill (xii %)%
P

otherwise an (asymptotically vanishing) bias would occur.
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As an estimator depends on the samples it computes the estimate from, the esti-

Aside: In estimation theory, the estimation is usually extended to real valued func-
tions ° (1) of the parameter(s), for example® () = 1 =(% or ° (j1) = ®1fy + @[k, such
that ° () is to be estimated. An estimator is de ned as a real valued measurable
function de ned on the sample space.

Next to an expectation, as determined above, the estimator must possess a variance,

too. A further criterion, next to unbiasedness, for a good estimator\ﬁ is therefore
the minimal variance property

N . N\
8u2£: PS5 X k) = argmin Var(\bf’(>v(1;:::;>v<k));
vﬁ“ unbiased

where £ is the parameter space The unbiased minimum-variance estimator (MVUE)
is uniquely de ned. However, the general error of an estimator is measured by its
mean square error (MSE)
£ %

o g, E(Vﬁ} + Var( {:

bias

MSE({}) =

Consequently, it must be taken into account that there may be a biased estimator
with a lower error than the unbiased minimum-variance estimator.

For an (in nitely) increasing number of samples the estimateﬁshould get arbitrarily
close to the true parameter® ([1) (consistency criterion); the estimator is required
to converge in probability to the estimate

8>0:  limPGXznX) i “(Wi<?) = 1;
where P (A) denotes the probability of some eventA.

The next three criteria are somewhat involved and do not have enough relevance
for this work to give a comprehensive discussion.

An estimator is said to be excient if its variance attains the theoretically minimal
possible variance. Hence only unbiased minimum-variance estimators can ful Il the
exciency requirement.

An estimator is called suzcient if all the relevant information about [ contained

(i xi)?

Por ik i 52
( 2% "e i=1

—_
~—~
x
.
X
~
—
1

. 1 m 2 : R .
A R

p_— _k.k12
= ( 2%y e 2 e e’ i=

1A hat on top of a variable usually indicates estimates and estimators, whereas a check ([
always denotes the true parameter(s).



148 CHAPTER 5. PARAMETER ESTIMATION

larly Ga(X1;:::;Xk) = !‘:1 xi2 such that the reduced information (X1;:::;Xgk) 7!
(G1;Gy) 2 2 js still sucient to estimate the parameters of the distribution. The
corrected sample variance can be estimated via

! ><((x-'Y)2= 1 X T x-¢2,
i=1 ! kil

Ga(x) i kGi(x)?.

ki 1 '

55

Likewise, it is X = G1(x)=k.

It is often possible to state an optimal estimator with respect to the above criteria
and to the assumed model. But what if this model is not fully appropriate? Wrong
decisions would be the consequence. Moreover, as samples ultimately represent
(noisy) measurements, there might be outliers - caused either manually by a human
observer or even automatically, for example, by an algorithm. Estimators that are
less sensitive to a poorly chosen model and that are tolerant of outliers are termed
robust estimators. The median, for instance, can be considered a robust estimator
of the mean.

5.1.2 Parameter Estimation Methods

Here a short overview of various estimation methods is given. The method of
least squares adjustment is detailed in section 5.2 so as to emphasize its special
importance. After that the Gauss-Helmert method is explained in detail in section
5.3.

Method of Moments

The principle of the method of moments is simply to compute the parameters of
a pdf from the sample moments. The already stated estimatorx for the sample
mean, for example, is obtained by this method. Estimating the sample variance
gives the biased version‘iik—1 s2. Consider the uniform distribution with pdf

1[k1;k2](x) .

f(x; k1, k) = Kot ki

where the indicator function is employed. The population mean and variance are

k1+ k2 32 _ (k2l kl)2
5 and 7 T

1

= ; respectively:

By identifying * ¥ X, it follows ky % 2X | ko and consequentlys? ¥4 4(kp | X)=12 =
(ko j X)=3. Thus p___
lez = X 35)2(:
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Generalized Method of Moments

In case of the generalized method of moments (GMM), a technique widely used in

econometrics, a parameter vector is estimated by minimizing the sum of squares
of the di®erences between the population moments and the sample moments. The
key to the GMM are the orthogonality or moment conditions

E(m(i;Y) = O t2f1,2:::,kg

wherem: M£T 1 Q can be an arbitrary non-linear function of the true param-
etersp2 M andk iid. observations’ y; 2 7. By the law of large numbers it
can be assumed that the population quantity

X
mi) = o My

N\ X( N\
M(lgm) = + M(Hgm; i)
i=1

is supposed to be as close as possible to zero. The least squares solution is therefore
ﬁgm =argmin ¢ m' wm, where W(|) denotes a weighting matrix that counteracts
scalings of the moments. It exists an optimal weighting matrix WP (1) which min-
imizes the asymptotic variance of the estimator. Unfortunately, WoP' (1) depends

on Y, such that an iterative scheme must be applied. Starting with the identity
matrix W% = lg, the estimation process is iterated until convergence

Al = argmin m'wilm; j=f01:::q;
u

where Wi1 = wiil(abl).

Consider, for example, the classical linear regression modgl = X~ + 2, where
y 2 Kis a vector of observations, X 2 KM T2 M 22 kandE(2) = 0.
The (componentwise) moment conditions are Varg) = 9%, E(2t2s6t) = 0 and,
with xT := Xji, E(2ex) = E(( Yt i X' 7)x) = 0. Note that with x; =1, E(2;) =0
is obtained. By the latter assumption, the condition E(\ftxigl) = 0 states® that
there is no correlation between the variables inX (if regarded as random variables)
and the errors 2. Notice that this is assumed by default in standard regression
problems: the ordinary least squares estimate for the one-dimensional linear model
Yi = Xi+?is

P , P P, _ P P,

|

A P B 2 : 2
Is = XY X = XX+ ) X = T+ X

2f the y; are realizations of a stochastic process, stationarity is required.
SCov(2¢; xie1) = E( 2t Xie1 ) + E( 20)E(Xier ) = E( 2t Xie1)
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Hence the estimateﬂp]s only converges to " if x; and the error 2; are uncorrelated.
Otherwise the criteria unbiasedness and consistency are violated.

The sample counterpart of the moment condition E((y; j X' ")x) =0 is

1 X
ki:1

1 !
m("gm) = i i X "gm)x = RXT(Yi X gm) ¥ O;

which leads, for the chosen model, to the ordinary least squares estimate

A

gm = 1s = (XTX)I IXTy:

Bayesian Estimation

The Bayesian framework mainly bases on Bayes' famous theorem

p P (EjA) P(Ai)
i P(EJA)P(A))’

P(AIJE) =

where Eand A; denote events. The denominator represents theotal probability
P(E) = j P(EjAj)P(A;), where it must be assumed that the event space can be
partitioned into disjoint events fA1;A»;:::g. Bayes' formula can thus be interpreted
as an inversion of conditional probabilities.

In Bayesian estimation theory the random character of the parameters comes to

probability distribution ¥{p) (pdf), called prior. The name re°ects the fact that the
prior has to be manually chosen according to soma priori knowledge, which might

f (xju) is referred to aslikelihood (function). According to Bayes' theorem inference
can now be drawn from

: f () A1) f (1) Ap)
f = R _ = ;
() ¢ TOdH9 ¥4p9 du® f(x)

wheref (x) is the marginal density of X. The function f (pjx) is the pdf belonging to
the posterior distribution of u. This can be interpreted as updating or sharpening
the prior after taking into account the data. The Bayes estimate(is (x) of [1 can be
obtained by calculating the expectation E(jX)

z

(s (x) = . uf (ujx) du: (5.1)

From the property argmin,, E(()V( i a2 = E( 2/() for every square-integrable
random variable >V( it can be inferred that
z

argminE(kyt i p9i) = argmin  kyti uIF (i) du = E(piy) = fis (0):
U2 £ UWR2E £
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As the integral in the middle term represents the mean square error of the estimate
nyx), {iz (xX) must be optimal in this sense. Due to infy E((X i a)?) = Var( X)
the MSE of ﬁB (x) is equal to the variance of the posterior.

Note that besides the expectation (mean), it is likewise possible to take the median
or the mode of the posterior into account, cf. the next section. It can be mentioned
in this respect that for skew distributions, sample mean, median and mode do not
coincide. The median lies in between the mode and the sample me&n

Maximum a Posteriori Estimation

The maximum a posteriori (MAP) estimation is a Bayesian estimation method:
instead of computing the expectation of equation (5.1), the mode of the posterior
distribution f (pjx) is built

A f (Xp) A1)
X) = argmax R .
Hmap () VoE ¢ T OO YO dpd

Note that, for computational convenience, the estimate can equally be obtained by
maximizing the expression Inf (pjx)

= argmax f (Xju) YAW):
U2£

h [
ﬁmap(x) = argmax In(f (xju) ¥AW)) = argmax Inf (xju) +In W) :
U2£ U2£

Maximum Likelihood Estimator

Another, very popular, Bayesian estimation method is the maximum likelihood
(ML) method. This technique di®ers from the MAP strategy in that it is addi-
tionally assumed that the a priori probabilities, i.e. Y{u), are constant. Hence
they are disregarded. Just like the MAP estimator, the ML method is generically
applicable to cases in which the functional model, which describes the observation
generating process, is not knowh. On the other hand, if it was a linear model, one
would certainly decide on a pure least squares approach. However, in any case, the
functional form of the density of the observations, i.e. f (xju), has to be speci ed.
Especially in regard to the ML method, the function p 7! f (xju) with x xed, is
called the likelihood (function). It is usually denoted by L(u) = f (xj). The ML
estimate is

M (X) = argmax f (xju) = argmax Inf (xjp):

U2£ U2£

This corresponds to determining the mode of the joint density functionf (xju) =

served data are precisely the most likely samples to expect.

4 An empirical rule of thumb for a unimodal skew distribution is: mean-mode % 3(mean-median).
®Say the observationsy; are normally distributed with expectation * but underly some unknown
model g(x;; j1) such that E( \}’i) = g(xi;pn) = 1. Then t rather than 1 can be estimated.
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It is usually assumed that the observations are i.i.d., which considerably simpli es
the problem as the joint density function can be written as

fojw) =) Inf () "
i=1 i=1

L. In  (x; ju):

As a ML example, reconsider the classical linear modgl = X + 2, with E( si) =0.
Let 8y be the (non-singular) covariance matrix of the observationsy 2 K. Then
the joint pdf takes on the (multivariate) form

h

[
foi) = X i 5yi X)TERAYE X

(zwk:zp det(8 yy) ©

and the problem condenses into
- 1 — . _
“mi(y) = argmax Inf(yj") = argmin S(yi X)T8} (yi X);
2£ 2£

which is the ordinary least squares approach to the problem. Note that the deriva-
tion is not restricted to linear models. Moreover, in case of normally distributed
observations, the maximum likelihood method and the method of least squares are
obviously identical. Under these circumstances, the method of least squares can be
considered a Bayesian estimation method as well.

It remains to say that the ML estimator is only asymptotically unbiased. Under
the assumption that 8y, = ¥Zl (i.i.d. case) and X~ = 1, for instance, the ML
estimate of the variance in the above example is uncorrected, i.6¥%}(y) = %(yi

Pa)T(Yi Pm) rather that s7= o (yi ®m) (Vi Pmi).

5.2 Least Squares Adjustment

Here an primer on the method of least squares (LS) is given. Applying a LS
estimation is often referred to as tting .

In order to overcome the inherent noisiness of measurements one typically intro-
duces a redundancy by drawing much more samples than necessary to uniquely
describe the process under consideration. So, in general, each time the number
of observations exceeds the number of unknowns an additional criterion has to be
introduced. Such criterions, usually a functional model of the process, can be in-
corporated by the method of least squares. This provides a way to derive a unique
solution (in a least squares sense). The termadjustment emphasizes that the es-
timation has to handle redundancy appropriately, that is in an compensatory way.
Besides, it hints at the fact that the LS method vyields the adjusted observations
those “observations' which fully comply with the imposed functional model.

The LS method is founded on the assumption that thetrue valuey 2 of an
observable quantity ¥y 2, the true value 1 2 M of the unknown parameters
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(parameter vector and the vector a2 V' of known constant$ fulll a functional
model’, which may be implicit, i.e. g(yi;a;p) = 0 or explicit, i.e. yi = g(a;p).
Hence the model imposes conditions that interrelate all involved quantities. It may
henceforth be referred tog as condition function. Note that the impact of the
model is necessarily essential for the estimation. A case in point is the classical
linear model y; = x ™, where X is a function of . The parameters are to be
estimated from measurements of/: hence by drawing sampley from the respective

random variable y. Clearly, a sampley; will never exactly ful'll the model in

terms of the true parametersjt because of the associated measurement errgr. By
including the error the model can be made consistent again

itz = gan) = i (5.2)

where?; may be interpreted as the true correction ofy;. Equations of the form (5.2)
are known aserror equations or observation equations As it is more likely to have a
small error than a big one, and since negative and positive errors of equal magnitude
should occur with equal frequency, it can be inferred that EQ(a;; )i ¥i) = E( 2i) =

0 or equally E(Yi) = g(a; 1)

Self-evidently, the aim of the least squares estimation is to obtain an estimatqﬁ\
such that all deviations ¢y; = g(a; (1) i Vi, i 2 [L;k] , in total, attain a minimum.
This best T, in a least squares sense, is de ned as the estimafewhich minimizes
the sum of (weighted) squares of the deviations, that is

(= argmin (yi (e W) W (yi 9(aw); (5.3)
wherey = [y1;:::;yk]" and g(a;p) 2 X, correspondingly. The matrix W 2 KEK
is called the weight matrix. Generally, the weights re°ect to which extent an ob-
servation should in°uence the estimation; bigger weights should be attributed to
more accurate or constraining observations. In this respect, the weight matrix can
be chosen to be the inverse of the covariance matrix if regular, i.eW = § {,yl. In
particular, in case of i.i.d. observations with variance¥%, itis W = %Ik. The weight
matrix can be interpreted as an error metric as all deviations ¢y, with jj¢ yjj =
const, on the hypersurface implicitly given by the ellipsoid df,l = ¢ y"Wey rep-
resent equally good choices - each deviation has the same so-callgthhalanobis
distance dy .

Note that varying yi g(a; 1) in W, see equation (5.3), corresponds to varying the
deviation ¢y, which is why not the (unobservable) error?; = y; j y; is subjected to
the minimization but the so-called residual$, i.e. deviations ¢y;. Keeping changes

®The constant a; 2  can, for instance, denote the j " coordinate in the i " sampley; from a
hypersurfacez: VEM I suchthat yi = z(a; p) = z(ain;:::;

"The arguments of g(a; 1) are chosen to be vector valued becauseg might represent one com-
ponent of a vector valued model of y; 2 7.

8Corrections, updates and residuals are meant to mean the same. However, in non-linear prob-
lems corrections or updates are increments w.r.t. the actual iteration, whereas a residual can be
seen as the correction w.r.t the original observation, see gure 5.4. The former three terms are not
to be confused with the (statistical) error which is the deviation of the realization of a random
variable from its expectation (population mean).
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minimal makes sense as observations are the best that is available. Givq'[\ the
estimate§ = g(a; (1) is referred to as the adjusted observations. They would most
likely be observed if all measurements were totally free from errors. In this sense,
¥i represents the most plausible value fory;- regarding the given model. It may be
written

= y+2  with 9= g&af); (5.4)

so that & is an estimate for the true error?;. This kind of equation may be referred
to as adjustment equations

5.2.1 Linearization

The principle of the least squares method can be stated without distinction between
having a linear or a non-linear model. In practice, it is inevitable to linearize the
equations since there is no closed form solution for the non-linear LS problem.
However, in few cases it can be circumvented to work with partial derivatives; Iif,
for example, the model obeysy; = e’ , where a; is a known constant, then
In(yi) = In( fu) + [ea is a linear model for the new observation® z := In(y;).
Similarly, given a model g(y;; &; 1), there are several possibilities for functionsq :
! such that q(g) represents a model as well, and vice versa.

In all other cases, a linearization of the functional model in terms of a rst-order
Taylor series expansion must be done. Consequently, an initial parameter estimate
(% must be provided, which should already be a fairly good approximation to the
sought true 1. The issue of nding an initial estimate is of special importance
as, depending on the character of the condition functiong, an estimation can get
stuck in local minima, the convergence can be extremely slow or it diverges at all.
Note in this respect that the estimation procedure set forth hereunder is theGauss-
Newton algorithm such that the respective convergence properties hold. It may
also be mentioned that here the objective functiong is rst approximated and then
subjected to a norm (the square of the linearized deviation (5.5) is minimized), while
Newton-Raphsonrelated methods, cf. [54], usually minimize an approximation of
g? through solving r (g?) = 0, see [51].

Estimation turns into an iterative process in which the locally best LS corrections

¢ (i1 for a current (il are to be estimated. The designated estimate is successively
updated by the rule i*4 = (il + ¢ (. Starting from g(a; () the linearization
reads

. -
N @ i) A\
g'lai k) ¥a gla; M) + (g“) it

where ¢pultl = pj (. By setting the Jacobian matrixjg_]_ﬁ = %&;ﬁ(ﬁ[‘]) 2 1M

®The covariance §,y of y has to be propagated according to §,; = J§,,J", with the Jacobian
matrix J= &(y), i.e. Jj = & =yi. Thus [§ )i =[8 wli =(vi¥)-

0 Teunissen[115] showed that, in order to have convergence, the vector of observationsy has to
lie within a certain hypersphere S centered at (the unknown point) g(a; ). The radius of S is
given by the smallest radius of curvature at g(a; j).
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(a row vector) and further gi[t] := g(a; V), the updates can be approximated via

CY) = vii 9@ Yy i g i gl ¢ (5.5)

du

Bear in mind that the Jacobians always have to be evaluated at the currentﬁ[t],
see [100].

Let gii[t] denote the random variable belonging to new shifted observationsi[t] =

Vi i gi[t]. It is E(gii[t]) = E(Yi) i gi[t] and 8¢ = 8 yy, which shows that weight
matrices W do not have to be altered while iterating. The resulting linear model is

cll = jgi];ﬁ T (5.6)

v

where ¢p = 1 AW, Let ) 2 KEM pe the Jacobian matrix such that |, is
gH CHY

its i " row. The estimate of the update can then be evaluated by

¢ A = argmin (d9 39 T w3 - (5.7)
u2£ gru gvu

The solution to this linear problem is detailed in the following section. For a
graphical illustration of the non-linear least squares principle see gure 5.2, which
shows the iteration step fromt ! t+1.

The model (5.6) does usually not lead to an unbiased minimum-variance estimate
of i1 because the estimation is restricted to the tangent hyperplane of(a; i), and
the meaningfulness of which is strongly dependent on the proximity ofﬁ[‘] to [
Generally, the LS estimate (I for a non-linear model (for existence and uniqueness
see [88, 108]) is well known to be biased; Box derives in [13] an approximate value
for the bias of {I. Nonetheless, applying the Gauss-Newton algorithm in non-linear
LS is a standard technique. Besidesputliers in the observations account for really
serious problems as they can induce a considerable bias.

5.2.2 The Linear Model

Here the case is considered thag(a; 1) is a linear function. It is common to use
~ 2 £ p M instead of 4, as the vector of parameters. Each observation is
assumed to be a linear combination of the parameters, i.ey; + 2; = xiTT with

E(\fi) = 0. The linear model for k observationsy 2 ¥ is given by

E(z)=0
E(Y) = X~ or equally y+2 = X7; (5.8)

in conjunction with a positive de nite covariance matrix

8y = ¥ Wi L (3% unknown)
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where X 2 kM is a matrix of constants such that Xj; = x'. It is sometimes

referred to X as design matrix. Let X have full column rank, i.e. rank(X) = M,

requiring that the number of observations is at least as high as the number of
parameters (overdetermined problemk , M).

Note that no assumptions are made about the distribution of the errors and on
their independence. Instead, a covariance matrix is assumed to be given up to an
unknown variance factor ¥£. The model can be simpli'ed a bit.

Say a the linear model is given byy®+ 20 = X% . Let §,00 = § 220 be the
respective (positive de nite) covariance matrix of the observations (and the errors).
By factoring out a (for the moment basically arbitrary) variance %% of §yo0, ONe
de nes the cofactor matrix Qya0, such that § yoj0 = ¥#Qya,0. The primed model can
then be transferred into a so-calledhomoscedastionodely+ 2 = X~ in which the
observations are uncorrelated and have equal varianc#. The transformation®? is
called homogenizationand can be expressed as follows

Te(X% i y0%i 29 = TcX% Teydi Te2®= X7 yi 2: (5.9)

The matrix Tc 2 KEK is a regular upper triangular matrix that uniquely arises
from the Cholesky decompositionof Qi,o)l,m ie. T&Tc = ;,0)1,0 Consequently, it is
E(2) = E( Tc\f() = TcE(?)=0and

Qg
2%
§yy = Cov(TcY%TcY) = Tc8yaeTE = T (TLTe) 'TE = %l

where it is used that
Cov(Ag; Bb) = ACov(a; b)BT (5.10)

for suitable matrices A, B and random vectors @ and \l/) confer e.g. [82]. Such a
model can equivalently be treated, and afterwards it can be reverted to the original
problem by substituting, for example, Tcy®for y. It is therefore proceeded on the
assumption that a homoscedastic problem is already at hand.

5.2.3 The Solution for the Linear Case

Here the least squares solution for the homoscedastic case, i.ey& YZly, is being
derived. In concordance with equation (5.7) the problem

A oL Ty Y-
= arg;r;_ln %(y| X )(yi X ) (5.11)

has to be solved. Setting the derivative to zero, that is

1@i X)i X)) 1 oav— Ty = o
% @ - % 1 y = )

"n this context the principal component analysis (PCA) shall be mentioned. By means of a
PCA, avector y°2 ¥ is subjected toy = UTy% whereU2 £ is the eigenvector matrix of § yo,0
with UU" = I, This amounts to a decorrelation of y®as8i 2 [L;k] : 8§y = U'8yo0U = I, , with
800U = , iU and the i™ eigenvector u = Uj' of §o,0.
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implies the normal equation
XTy= xTx* (5.12)

and hence the familiar result follows
= (XTX) XTy; (5.13)

or rather, in concordance with equation (5.9), i.e. byX 7! T¢X, y 7! Tcy and
TETe = Q§,y1

?o= (XTTETeX) X TETey
= (XTQi,1X)1 IXTQi,ty Qy = § yy=%
— (XT%§§/le)i 1XT%2§§,yly
= (XT§l,))1 IXTslty: (5.14)

The inverse of XT X exists asX is assumed to have full column rank. By the rule
(5.10), the covariance of ", as stated in equation (5.13), can be determined to be

§an = (XTX) IXT 8y X(XTX)i L = %(XTX)‘ L. (5.15)

Note that according to the condition imposed by the normal equation (5.12), the
residuals have to be orthogonal to the adjusted observation§ because

@ yta- o o gT2 = (XH)T2 = *TxTa =

XT(X"i )
This is evident since minimizing the residuals in equation (5.11) means nding
a point X, = 2 £, in the column spacecol(X) of X such that the distance to
the observedy becomes a minimum. The solution, wherey™2 = 0, must be the
orthogonal projection of y onto col(X), see gure 5.1. The projectiony = X of yis
therefore given by Py(y) := X(XTX)i 1XTy. It is readily checked that Py(y) is indeed
a projection by observing that Py(y) is idempotent

3 ’ 3 ’

Px P(y) = X(XTX)IIXT X(XTX)i IXTy = X(XTX)i IXTy = Pyy):

Moreover, the column space ofX is invariant under the projection; for every vector
a2 Mitholds PyXa) = X(XTX)i 1X"Xa = Xa. The orthogonality of § and
2=9i y=(Pxlk) i lk)y implies the zero-correlation (no linear dependence)

3 3 s

§ga = Cov X(X"X) IXTY; X(XTX)IXT j Iy = O

Note that the estimate ™ = (XTX)i X"y does not explicitly depend on the unknown
variance ¥#, which shows that the scale of a covariance or a weight matrix is not
decisive. By observing that the rank of a projection matrix is determined by the
dimension of the subspace it projects onto, it is rankPx(lx)) = rank(col( X)) = M
and hence rankPy(lx) i k) = ki M. By exploiting that 272 = yTy; 979, it
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Fig. 5.1: LS principle for the linear model: orthogonal projection ofy onto the
expectation surfacecol(X)(" ) = X for the homoscedastic casey = X" is most
plausible if y was observed.

may then be shown that E(2T2) = 3% (k i m). The unknown variance ¥ can be
estimated via .
7= 212 (ki M):

Consequently, ¥% is unbiased. It also possesses the minimal variance property. For
details see [70, 74].

It is now being shown that the least squares estimate for the linear model, as stated
in equation (5.13), is unbiased. For this purpose, it is harked back to the comment
on page 147, that is a function® (1) 2 of the parameters is to be estimated.
Let, for a given , 2 M the linear function °(7) := , T~ be de ned. Note that
°(™) can equally be considered an estimate for" by the relation ™ = & 7, i.e.

by substituting the i canonical basis vectore, i 2 [L,M] , for | . Building the
expectation veri es the unbiasedness

5

E, D)

TECQ)

= TE(XTX)i XTY)
= T IXTE(Y)
— . T(XTX)i 1XTX—.

— T—.

Next it is demonstrated that ™ fulTls the minimum-variance property, too.

Direct Derivation of the Best Linear Unbiased Estimator

In the above case the estimator of’ () is already known to be | T:/A(y). Let I'(Y)
be a general estimator of® (). The condition for unbiasedness is then E[}(Y)) =
°(™). Having a linear combination °(7) = , T~ of parameters ™j, i 2 [LM],
the corresponding estimator in the linear model is a linear combination of the
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observationsy;, j 2 [L,k] ; for a given, 2 M Jet o) = 3T\)/ be an applicable
estimator, where? 2 X is to be determined. Requiring unbiasedness supposes

ECNY) = E(3TY) = 3TE(Y) = 3Tx™ = |77,

5

which gives the constraint

3Tx =T (5.16)
Demanding a minimal variance, i.e. argmin,, « Var(® Ty), subject to the constraint
(5.16), can be solved by themethod of Lagrange multipliers(LS with constraints).
At rst, the variance term may be expanded as follows Var T\y) =3 TVar(\)/)3 =
¥#3 T3 | Setting the partial derivatives of the regpective Lagrange function (3 ; k) :=
398373 | KT(XT3 ,)tozero, e.g.@( 3;k) @ = 0, yields

3 Xk = 0 and X'3; . = O

whence3 = X(XTX)i 1, with nal and unique solution [74]
"y = . TFX X}izle =

TA.

5

A

Thus by choosing, = &,i 2 [L;M] , the componentﬂAi is obtained, with the result
that the best linear unbiased estimator coincides with the least squares result given
by equation (5.13).

5.2.4 Non-Linear Least Squares lllustrated

Having a notion of what happens in the linear model the whole LS estimation
process can be elucidated. It is built on section 5.2.1.

Consider the case where the functional modeb(a; 1) in non-linear. A set of k
observations, gathered in the vectory, is to be tted to the model. Assume a non-
diagonal covariance matrix 8,y (observations are not stochastically independent).
Such a situation is depicted in gure 5.2. It shows the iteration stept ! t+1

in a non-linear LS estimation, wheret might be zero as well. The solution to
the problem is indicated by the point g(a;|1). It lies on the curved hypersurface
g(a; ) ¥ K which is a parameterization with respect to the variablep (ais x). By

the relation E(Y) = g(a ), the surface is referred to asxpectation surface Assume

an initial estimate {i! is available. The linearization ofg(a; p) at (i! yields the linear
expectation surfaceg (a; ) and the linear model of equation (5.6). This time a
homogenization is disregarded so that the solution to the linearized problem is not
an orthogonal projection ofy. Instead, a poitat 92 X ong (ap) is sought which

minimizes the Mahalanobis distancedy = (9 y)T8{y'(§i y) betweeny and
oL (a; ). This point possesses the smallest deviationly, from y which, at the same
time, satis es the condition g, (a;1). The point can be determined (graphically)
by varying the size of the ellipsoid, given by §§,y1 and centered aty, such that
it touches g, (a; 1). However, the solution (5.13) for the linear model yields the
update ¢ (lt*2 which hopefully directs towards j1. Rening {1 is stopped when
the magnitude of the vector of residuals falls below a certain threshold or when no
further improvement can be achieved by iterating.
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-~

Fig. 5.2: Non-linear LS iteration: The linearization of g(a; ) at i gives g, (a; 1)
onto which y is (non-orthogonally) projected: the projection 9, from which the
update ¢ ("1 is to be determined, is the point where the ellipsoid ¢ = f5(si
Y)T8iMsi v) = dgtouchesg (a) () d= 2T§}12).

5.2.5 Simple Least Squares Adjustment Example |

Here an example of least squares adjustment is given.
Task: Estimate the shape of a triangle (uniquely de ned by two angles).

Given: Three measured angle$ys;y»;y3g (! redundancy of one) with covariance
matrix § yy.

Hence a pure adjustment problem in the absence of parameters is to be solved. This
is called anadjustment of (conditioned) observations only Let y = [y1;y2;y3]". The
aim is to estimate the most plausible$, which can be written asy = y+¢ y, where
¢ y are the most plausible corrections to the datay. Then the minimization of the
corrections ¢y = §i y by 3¢y"§)!¢y ! min in conjunction with the condition
¥ + 4> + 43 = 180 is suxcient to solve the problem. With the help of the method
of Lagrange multipliers the function

3

¢ y;,) = 3¢y'8)fey + | o'(y+¢y)i 180;  o:=[1;11]";
has to be minimized. Building the partial derivatives, which have to be zero, yields

@

@y §jyty+ .0

@ T T
— = oy+o0¢y; 180
@. y Yi
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Thus inserting ¢y = j , 8yy0 from the rst equation into the second gives
180§ d'y.
’ ' 0T§y0

and nally

If, for example, 8,y = diag([ ¥§;¥%; ¥4]), then the correction ¢vy;, i 2 [1;3], is
proportional to the uncertainty 3/1?.

5.2.6 Simple Least Squares Adjustment Example Il

In this second example, the estimation of a 2D-circle, parameterized by radius
and center (my; my), from a set of k points is presented. The condition that the
i h sampled point yi .= [Xi;yil, i 2 [1;K] , lies on the circle is simply given by the
implicit function

alysr) = rfi (i my)%i (vii my)?
= % (xi+2ini m)?i (Vi + 2izi my)Z

wherep :=[r;my;mylandy; = yj+2; 2 2,

The subsequently described estimation is employed for calibration purposes in om-
nidirectional vision, see chapter 8. It is of peculiar interest as it - in a single step

- exactly yields the iteratively computed result of the least squares solution (5.13),

pursuant to the derivations on pages 154-157. P

A necessary condition for a minimum is that the partial derivatives of = ; g(yi; )2

w.r.t. the parameters are zero, that is

3 .
2

R 2 2 2
@=@r rei (i m)%i (Yii my) =0
i=1
roe 2
— 2. - 2. (v 2 =0
@=@m  roj (Xii m)%i (vii my)
i=1
m° "2
— 2. . 2. - 2 =0
@=@m rei (Xii my)ci (vii my)
i=1
The rst condition immediately gives
2 1 X 2 2
rf= g i m)TH(yii my)%

i=1
On substituting this result into the remaining two conditions, it follows after some
algebra
" P # # "p _#
, pi XX ixilyiiy) o me X X+ YY)
ik X)) Yiyii y) my YixEi X+ YY)
P _ P _ _
wherex = ;xj=kandX = x?=k was de ned (y, ¥ analogously). The solution
can easily be evaluated, for example, by means @ramer's rule.

x| x|
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5.3 Gauss-Helmert Model Based Estimation

In this section, the technique of least squares adjustment applied to the Gauss-
Helmert (GH) model is to be detailed. For brevity, this approach is also called the
Gauss-Helmert method It is begun by introducing three basic types of adjustment
problems, each characterized by a certain type of observation or rather by the way
the observations are integrated into the respective functional model (equations).

5.3.1 Types of Adjustment Problems

At rst the issue of adjustment of observations onlyis dealt with. Then the general
case including parameters is introduced.

Direct Observations

This is the most straightforward case of adjustment; it occurs if each observation
yi yields a single model equation of the form

yi + 2 = yi:

Hence the functional modely; = g(a; [1) is reduced toy; = g(i), i.e. parametersp
or constants a do not appear. Such error equations arise if the same quantity, for
instance a time di®erence or a length, is repeatedly measured in order to increase

accuracy. Self-evidently, the adjusted observations are given by the arithmetic mean
g=y= Aty

On the other hand, by setting y; = g(a;; |1) = , a most simple linear model -with
parameter - is obtained. Givenk observations, as usual byy 2 k. the functional

model is
2 3

_ _ 1
E(Y)= X7;  with "2 and X=8 272 KL (5.17)

1

If the observations have di®erent uncertainties/# (say the accuracy of the respective
measuring device depends on the ambient temperature), collected in the diagonal
covariance matrix, i.e. ¥ = [8§ yJi, equation (5.14) can be used to evaluate the
result
Py

Tgi lyyi IxTgil i=1 Wi ¥i 32

= & = (X'8)yX) X' 8lyy = PL——; w =1 ¥
i=1 Wi

A

which is a weighted average. Certainly, in case of § = %Iy, the above arithmetic
mean Yy is obtained again. This exempli es that there is often more than one
possibility to approach an estimation problem.
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Conditioned Observations

It often happens that observations are interrelated by known mathematical condi-

tions, see, for instance, section 5.2.5. There are a multiplicity of further examples,
such as that the sum of measured voltages in a series circuit must be equal to
the voltage across the source. Both, the true values of the observations and the
adjusted observations have to satisfy the same conditions. Note that these are
assumed to be parameter-free (adjustment of observations only), otherwise refer
section 5.3.2. Consider at rst the linear case withm conditions: for given coez-

condition on the true valuesy; = y; + 2; may be expressed as

0 = 0+ zi1(yr + 21)+ zZia(y2 + 22)+ i+ Zig(yk + 24):

0=og+2zy+z? 0 z'2 = z:

=iz

As the estimate 2 has to ful Il the conditions as well these are rephrased in terms
of the residuals (which are to be minimized)

ey = z; (5.18)

For the non-linear case, consider the implicit functional modelgi(y) := gi(a;y) =
02 representing thei ™ condition. A linearization at y yields

Gly+tey) ¥ gfy) + X gg(y)diy-
: PRy ey
ST i
Zey
such that equation (5.18) is reobtained.
Ondening Z:=[z)2 ™Kandz:=[z;:::;zn]" 2 ™ all m - k condition
equations can be subsumed to
2ty = z (5.19)

Let W be a symmetric positive de nite weight matrix for y. The minimization of
the residuals ¢y subject to the conditions on the observations can be expressed by
means of the method of Lagrange multipliers

a¢ y;,) = ey'wey + | (Z¢yi 2 ! min:
The minimal residuals are thus given by

2 = wWilzl(zwilzhilz (5.20)

2Recall that coexcients, such as foi; zi1;:::;zk g, are captured by a (page 153).
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Indirect Observations

Indirect observations are exactly those which are described by the error equation
(5.2): yi+ 3 = 9(a;). Thus there is exactly one condition function (of the
parameters) for each observation. According to the linear model (section 5.2.2)
E(y)= X7,y2 X indirect observations are supposed to satisfy

Vit & = Xa 1+ Xg 2+ i+ Xm m; 02 [LK];
where the coexcient matrix X := [ x;)] 2 KEM js assumed to consist of known

constants. As indirect observations are already covered by section 5.2, it is refrained
from giving a comprehensive illustration here, too.

It is to mention that the previously given considerations on this class of problems,
where one variabley; (random) depends on one or more independent variables

Xi1;: 10, Xm (non-random) in a linear manner, belong to thelinear regression anal-
ysis. Note that this may also include functional models like the linear polynomial
model [74], for instancey; + 2j = T+ X "1+ xZ o+ i+ xME Ty

Derived Observations

"As a speci ¢ problem, let a number of measurements be made upon the diameter of
a circle, with the object of determining its area. That is, the quantity really sought
is the area, but the direct measurements are made upon the diameter, a function
of the area. Supposing the observations to be all made in the same manner, the
guestion arises, what is the most probable value of the area? Is it the arithmetical
mean of the areas computed from the separate measurements on the diameter, or
is it the area determined by taking, as the diameter, the mean of the measurements
upon it?'

L. D. Weld in [119]

According to the principle of least squares adjustment an optimal solution consists
in minimizing the residuals belonging to the observed quantities. Hence the answer
to the above question is to calculate the area from the arithmetic mean of the
measurements of the diameters. It is however mostly possible to work with derived
observations, these are function values of the original observations. Note that the
number of derived observations may not exceed the number of original observations,
and in particular error propagation must be used to propagate the covariances for
the new observations (which can then be correlated). An example is to compute
an angle from two measured directions. Is the function linear, it does not matter
whether the observations or the derived observations are used. In case of non-
linearity, the solution can be found iteratively after a linearization. In the absence
of a condition function, as in the area-diameter example, iterating is dixcult since
the LS solution is found in one step. As a consequence, the right solution is not
found even with correctly propagated covariances. Assume, for instance, that two
diameters were measuredd := [dy; d>]". The respective areas ard := [ d?; d3]" Y.
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Let X = [1;1]" according to the model (5.17) for direct observations. The special
solution then reads

3 ,
di+dy 2

h i,
Y,4d? = 4 (X"'X)i X" d

Va2

(XTQi®lx)i 1xTQi®l f,

where Qg = diag([3dy + dz; 3d2 + d;]) was manually determined; note that Qg is
not obtained by error propagation on the function f (d) = d?v.4.

5.3.2 General Case of Least Squares Adjustment

Here the so-calledmixed modelis being introduced [74]. It was rst established by

Helmert [60], but it is based on the work of Gauss who invented the method of least
squares [39, 40]. For this reason, the model bears the nant@auss-Helmert model

(GH-model) [120].

As might be expected from a "general case' the observations allowed in the GH-
model resemble a fusion of conditioned and indirect observations, that is to say the
i " of m conditions may be written as

0 =0 +2z1(yr+ 20)+ 1ii+ Zik(yk + %) + Xz 1+ 11l Xim M

or equally

2] 24 ~
0=o+zy+z2+x";

X T+ 72 = z;

where ™ 2 M s the vector of unknown (true) parameters,0 2 ,x 2 M and
z 2 K are known constants (gathered in the model parameteg;) and y+ 2 = y 2
K as usual. Subsuming all condition equations yields the linear Gauss-Helmert
model
X"+22 =z with E(2)=0; (5.21)

where z can be interpreted as a vector of ‘new' observations. Thus if § (being
equal to 8= ) denotes a covariance matrix of the measured observations then § =
Z8 yyZT is the (propagated) covariance matrix for the new observations held irz.

Note that this model extends the linear model (5.8) in that the errors 2 are treated
as random parameters with zero-mean. Certainly, by setting2, = | Z2 a linear
modelz+ 2, = X~ is reobtained with E(sz) = 0 and therefore

= (XT(Z8y,Z") X)) IXT(28yy2T)i 1 Z (5.22)

or to put it more concisely

T = (XTglx) IXTsit z (5.23)
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Substituting the result back into the GH-model (5.21) gives a condition function
involving conditioned observations, i.e.

22 = (zi X7):

Using the respective solution given in equation (5.20) it can be gured out that

3

2=8§,72" 28,27 " (zi X7) = § .81 (zi X7, (5.24)

whence the estimatey may be determined. Another but more detailed derivation
can be found in [74].

Further Extensions

One extension to the GH-model is obtained by treating all occurring variables in
the functional model in a uni ed manner. Speci cally, all variables are considered
as observations. The vague distinction between observations and parameters has
already been touched in the context of direct observations, page 162. But yet the
notion of parameters does not have to be abolished, it simply gets more “fuzzy'. The
optimal tool to realize fuzziness is a covariance matrix or rather a cofactor matrix
for the (former) parameters: by utilizing an a priori variance for each parameter it
can be controlled whether a parameter update is allowed to vary freely (variance
tends to big values) or whether it should be treated almost as a constant (variance
tends to zero). As a result, an adjustment of observations only is obtained. This
variant form of LS adjustment is referred to as the uni ed approach. It is discussed
in [82].

5.3.3 Example

Here the simple example of tting observed points to a line in 2D is considered. On
the assumption that solely the ordinates are a®ected by a random error, the linear
model (5.8), i.e. EQ) = X, could be used. This would correspond to a linear
regression, see the remark on page 164. But if the so-called independent variables
in X are not error-free or at least show a not insigni cant error, it is advisable to
use the method oftotal least squares(TLS), cf. [54]. There the sum of squared
residuals iny and in X are to be minimized simultaneously. Geometrically, this
kind of “best t' corresponds to minimizing the sum of squared distances from the
observed points to the sought line, which seems more intuitive. The di®erence is
illustrated by gure 5.3; the green linear regression line in the left plot looks unfair
(although it is correct) as it seems that the upper point of the lower point pair and
the lower point of the upper point pair are preferred. The blue line indicates the
TLS solution assuming equal uncertainties inx and y. A very detailed study of the
TLS problem can be found in [67].

4The depicted line is not a computed solution; it is drawn on the o® chance.
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Fig. 5.3: Left: linear regression (abscissa values are assumed to be known constants).
The blue line shows the expected TLS t. Right: TLS 't 14 (uncertainty is attributed
to both coordinates).

Lety; = [vi1;Vi2]T denote thei™ observed point. Using theHesse normal form the
sought line can be parameterized by the anglé and the distanced to the origin, i.e.
the i " observation has to obey the functional modelg(yi; i), where 1 :=[* dr,

yi1cos' -+ yjpsin'- j d = 0:

For all k observed points the block matrix condition equation may be set up

2 32 3 2 3
cos'- sin' Y1
cos' - sin' d
y_g i 1 =0
0 cos' - sin' ¥k d
I {z Pz [{z4}
7.2 kE2K y2 2k d2 2k
and thus

aly;p) = Zyi d= 0

Hence the problem is linear in the observationsy 2 ¢ and non-linear in the
parameters. Given an initial estimate (il = [~ [°]; 10T for the true parameters 1,
the adjustment task is to iteratively solve for the updates ¢ p = A1 A t 21 .
Likewise, the approximate value$!® needed for the update ¢y = §{t*11 ; ¢ltl can be
set to 9% = y. The functional model g(y; 1) = O for the updated variables9l +¢ y
and (! + ¢ p, i.e. in terms of the corrections, can be approximated as

gt Ay = g+ ey @+ ¢ )
ve g0ty + @t ey + Dol 4ty ¢
a9 ) @(9 ey @(9 HE) ¢
=z Al + Zacy + XgnC (5.25)

wheredt! = [§1]; 11 :::; T 2 2% |t is important that the de ned Jacobians
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@(y; u)E @(y; u)z @(y; u)f
_ = _ d N _
@ =g @ o & @ =g

p= ﬁ[t] =]

Zn =

always have to be evaluated for the estimated quantitiesy!! and (ilt! of the tt
iteration. Xg 2 %2 may be declared in terms ofAn = @Z-, i.e.

i sin'tl cos' At
An = & i sin"M cos Al £ o K

i sin'Altl cos' At

such that
2 2 33 2 3
i1 i1
Xgon = 4Angl; 4 0 55 XgnCp = ¢ ' Angll j ¢d4 1 5S¢
i1 i1

According to gure 5.4 on page 171, relation (5.27) can now be used such that
linearization (5.25) nally becomes

Zoytli QM+ Zuey+ Xgnep = Zoyfi A+ Za i ($1 7 y)+ Xgme p

FAyf t] + Zn2 + X9A¢u
=iz

Thus the linearization perfectly matches the GH-model (5.21)
XgaC U+ Zn2 = Z

Iterating the solutions (5.23) and (5.24) several times converges to the TLS solution,
including (1= [~ 47".

It is worth mentioning that in this case the TLS solution can be computed directly
by means of a PCA; the sample covariance matrix §y 2 %£2

1 X X
Byvlw = Ki 1 Yio i Y)Y i W) yi = yi Kk
uv2f 1,29 I+ j2f 1,29 i=1

can be subjected to an Eigenvalue decomposition §y = UDUT, where UUT = 1.
Let U = [ug; up] such that u; is the eigenvector belonging to the smaller eigenvalue.
Then the following relationships are satis edu; = [cos"? sin']T and d=1y. Yoluy
since the line estimated by the TLS method is supposed to pass through the
barycenter (centroid) of the point cloud. For further explanations see [89] (1901).
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5.3.4 The Gauss-Helmert Method for Block Observations

Now the GH-method as used in this thesis is to be derivedBlock observationswere
already used in the previous example - each observed point can be considered as one
block observation consisting of they;- and y,-coordinate. There was one condition
function for each block observation and all blocks shared the same parameters. It
may already be speculated that there is a variety of possible adjustment scenarios
[121, 74]. Fortunately, the example is solely extended to having more than one
condition function for each block. In particular [36, 122] focus on the GH-model in
the context of this kind of block adjustment.

From now on it will be necessary to di®erentiate between conditions andonstraints:
equations in which observations occur are termed condition equations, whereas
equations that only relate parameters to each other are called constraints (on the
parameters). These are necessary if there are functional dependencies between the
parameters. Consider, for example, the parameterization of a Euclidean normal vec-
tor n2 3 by means of the three variablesn, n, and nz such that n =[ny;n2;n3]".
This is an overparameterization and the constraintn™n = 1 has to be introduced.
Similar to the example in section 5.3.3, a constraint can be avoided by using spher-
ical coordinates® and ' , i.e. n = [cos®cos’; cos®sin'; sin@|".

As before, the condition equation g(y;; a;[t) = O re°ects the functional model.
Constraints are represented by the functionh(jt) = 0. In the following sections, it
is referred to the functions g and h as G-condition and H-constraint, respectively.
Subsequently it is proceeded on the assumption that both are non-linear.

Estimation Synopsis

A short synopsis of the estimation problem is given beforehand

Parameters 2 M
Number of block observations k
i block observation 'y, 2 g
Condition equation for the i ™ block 0i 2 E
Overall number of observations K = i K
Overall number of conditions Ng = P K i
Number of constraints Ny,
Vector of observations K
Vector of conditions ¢ Ng
Vector of constraints h 2 N

wherey :=[y1; :::; W] and g :=[0g; :::; Okl
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For each observation vectory; 2 "1 it is assumed that a covariance matrix® §y,,
is given. The covariance matrix for the total observation vectory 2 X is therefore
2 3
8y 0
8yy = § é :
0 §y5y5

The Condition Equations

Note that the observation vectors for di®erent observationsy; can be of di®erent
dimensions- j. For each observation a condition of the form

glyis|) = olyi;a;pm) 2 i i 2[LK]
is given, that is the dimension ofg; can also di®er for di®erent observations.

Now a linearization as described in section 5.2.1 shall be done with respect to the
variablesy and p. Thus let (Il be an adequate initial estimate for the parameters.
In case of the observations, it is choselyi[ol := ¥i. The sought corrections regarding
the t™ iteration may then be written as

ep= {1 A0 and ey o= g9 2K

The i " condition can then be approximated by

a6 Ay = gl +e v e
N @ N @ A
Ya gi,(ygt]; u[t]) + @"7(9?]; U[t]) ¢y + @j(y{t]; u[t]) ¢
i

= 2+ Zity + X

where is was de ned

Zi = @UliK, - g 2 iE
=
Xi = @aly; “)_yi _ g 2 TiEM (5.26)
uiz ﬁ[t]
and 2 = gAY 2 u

Note that the Jacobians always have to be evaluated at the positions of the tted
observations 9i[t] and parameters ﬁ[t], respectively. It is focussed on this kind of
popular pitfalls in [100].

15Employing § yivi = 73 Quyy;» the derivation can equally be expressed in terms of the respective
cofactor matrices Qyy,.
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Combining all conditions into a single block matrix equation then gives

2)( 3 22 032¢y 3 2203
1 1 1 1

§ i fewv§ o L8 L-§:&
R T RV SRR
= X = Z = ¢y = 20

g

whereX 2 NeEM 72 NeEK '¢y2 K and correspondinglyzy 2 Ne.

~

g(y,60) =0

Fig. 5.4: Situation after the t™ iteration: estimated values should in each iteration
ful'll the G-condition. After linearization, the relation ¢ y= 2 (1 y) has to
be obeyed, cf. [34].

Taking into account the situation depicted in gure 5.4 the important relation

¢y =2; 9y (5.27)

can be inferred. This is, for example, shown by FArstner in [34]. It follows that

g Aty + z(yi 9y + z2 + Xep
- Nt 2 .
P&/{y_g + 72 + X¢y;

= zg

i28+ Z¢y + X¢p

where the unprimed z5 denotes the contradictions. Hence by means of the block
JacobiansX and Z, the pendant of the GH-model (5.21) in terms of the residuals is

XCp + 722 = z4 (5.28)

The Constraint Equations

The respective Taylor series expansion of rst order for the H-constraint reads

@0+ ¢ p) v h(Al) + g‘lm{”)w

= i zZy+t HCw
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On these implicit de nitions the H-constraint becomes
HC p = zy;

with H2 NoEM gndz, 2 Nn,

Further Proceeding

The whole of conditions and constraints can be rendered by the matrix formalism

as " # " # 00" #
X Z ¢u Zg

H O Cy Zh

Recall the GH-model as stated in (5.21): X" + Z2 = z with E(?) = 0. Itis now
proceeded in same way as on page 165, i.e. the vectry is considered a vector of
new “pseudo’ observations. Setting agaid, = | Z2, for the present case the linear
model

zgt 2, = Xy
is obtained with E(2z) = 0.

Next, this reduced estimation problem is solved, subject to the H-constraint. The
solution is then used to evaluate the update @y.

Least Squares Minimization

According to the previous elucidations only the system
m # " #
X Zg
cu = : (5.29)
H Zh

must be taken into account.
Note that a transition to pseudo observations zg is made. Setting ¢zy := 2, the
expression ¢z§§} ) ¢ zg, with

(5:28)

Czg = j 22 XCU i Zzg (5.30)

has to be minimized, which is why the corresponding covariance matrix § ;¢ z, is
required. Due to

Cov(Zg; Zg) = Cov(2z;2;) 2% zCov(2;2)Z" = ZCow(y;V)Z";

it follows 16, as on page 165,
872, = Z8yyZ' (5.31)

'®For readability, § 25z, = § ¢ z¢ ¢, iS being used in the following.
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or rather, for somei 2 [1;K]
845 = ZiSyyZl: (5.32)
Hence §zgzg has the same block diagonal structure as §,.

The minimization of ¢ zg§izglzg¢ Zg subject to (5.29) is now being formulated by
using the method of Lagrange multipliers. For this purpose a new function 2 is
being de ned, whose minimum is to be determined

A W) = gXeni zg)' 8y (Xep i z) (5.33)
+ L T(Hep i z);

where, 2 Nn symbolizes the Lagrange multiplier. The derivative with respect to
¢ W is built so as to nd the normal equations

@
@ u

5

Cw,) = X8 Xepi X852z + H,:

On de ning
N:= X"§i7 X and zv = X'§,} 7 (5.34)

the derivative becomes

@ T
—(CY,)= Nepu+ H', | zv:
a H( M. ) M i 2N
This result in conjunction with the original H-constraint yields the normal equations
" . #" # " #
I N H ¢ z
oo (5.35)
I H O s Zy

Note that this system of equations may already be directly solved by building the
inverse of the rst matrix. Nonetheless, solving for ¢y by means of the normal
equations can be approached as follows: usind.() an expression for ¢u(, ) can
be determined. Second, substituting the result into (I. ), it can be solved for, .
Third, (1. ) can be consulted again, that is

= ep) D, = e

Consequently, with (1. )
n ¢pi) = Nitzy i HT))
and (Il. )

HNi Y(zy i HT,) = z

. : _ ¢
0 = (HNFHT) i M'HN 12y 2z
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and (I. ), or rather (lll. ), again it follows
3 .
. . P . ¢
€u = Nilzy; HHNHY)YHN 12y i 2z
3 .
= N1 NIHTHN HT)IHN L zy

+ N IHT(HNI THT)i L 7, (5.36)

The estimate € will later on be used to derive an expression for the uncertainty
of €.

It remains to compute the corrections ¢y. In concordance to page 165, the estimate
€ can be substituted back into the GH-model. As a result, the simple functional
model for conditioned observations of the form

22 = zg i X€p

is obtained, compare equation (5.30). Following gure 5.4,2T§§,y12 has to be mini-

mized subject to the conditionZ2 = zy j X€&u. The solution is given by equation
(5.20)

»
I

8 wZ' (Z8yyZ")i Y(zg i XE€p)

§ yyZT§Izglzg (zg i X€p):

Leaving the block matrix concept, i.e. recalling that Zi2j = z j Xi€p, it can be
inferred that the individual residuals can be independently estimated via

2 = 8§ yiiniT§‘lell(zi i Xi€p); (5.37)
whence the update€y; could be computed according to (5.27)

By = 2 (Sh[t]i yi)

such that nally
9{t+1] = 9{” + dyl = y|,+ Z\L (538)

In the following subsection a discussion on the uncertainty of the estimated (cor-
rections of the) parameters€  is given.

Derivation of the Covariance Matrix 8¢ ey

Recall that an estimator must be considered a random variable. As the estimate
ultimately is a function of the observations, the covariance of the estimator can
be computed by means of error propagation, see for instance equation (5.15) on
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page 157. In the present case, the derived solution fof u depends onzy and zy,
respectively

3 .
@U- (5::36) Ni 1i Ni lHT(HNi 1HT)i lHNi 1 N+ I\Ii 1HT(|_PZ\|i 1HT)i }1Zh;
| {z ) v
A
or more succinctly
€p = Azy + Bz, (5.39)

As z, stems from the constraints (on the parameters only), it can be disregarded in
the error propagation. The vector zy, on the contrary, must have an uncertainty
because of its dependence ory » 8,2,; from the de nition (5.34)

- Tgi l
ZN = X'§15 7
| {7
C

and the often used rule (5.10), the covariance matrix associated withey can be
derived to be

. . ) I
§ZNZN = C§ZQZQCT = XT§|Zngg§ZQZg§IZglng = XT§|ZngQX = N

In order to derive the covariance matrix 8¢ ¢y, €rror propagation must be carried
on, that is

§¢p.¢u = A§ZN N AT = ANAT

INIT} NG THT (HNGTHT) T HNEN
INIT N LHT (NG HT) L N2

Nil+ NiIHT (HNPIHT)I P HNEHT (HNPIHT)i P HN L
i 2Ni THT (HNiTHT)i 1 HNi t

Nil{ NNIHT (HNITHT)i THNIL 2 A

Block Matrix Considerations

As already mentioned, it is likewise possible to solve the system of normal equations
(5.35) directly. This alternative is now being examined. Opposing the inverse of

the normal equations (5.35) with the succinct representation (5.39) for€ p yields!’
" # " #1" # " #" #
¢u N HT N A BT N
H 0 Zh B ¢ Zh

B

7n fact, it can easily be shown that the question mark in the rightmost 2 £ 2-matrix equates
to (HN' *HT)! 1, cf. [74].
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where is was exploited that the inverse of a symmetric regular matrix is symmetric
again. It may hence be gured out that
n #I 1 n #
N HT S¢pcp ¢
H 0 ¢ ¢

The inverse comprises the covariance matrix folf u. Solving the normal equations
directly may therefore be advisable. Especially the aspect thatN 2 M£M js g
relatively small square symmetric matrix encourages this idea. The matrixN is
now being analyzed for that purpose.

Note at st that the inverse of a block diagonal matrix (a matrix with square
matrices on its diagonal) is again block diagonal. Especially, iff Aj;:::; Axg are
regular square matrices it holds that

2 3.1 2 . 3
Aq 0 Al . 0
AR A M
0 A 0 Al
or more concisely diag(P1;::::A])iT = diag(ALL;::: ;AL ). Because ofN =
XT§ X the inverse of the block diagonal matrix §Z 24 has to be evaluated in the
present case. It follows with equation (5.32) that

§L1, = diag((8 L35 8L3)):

Recall that X =[Xg;:::; Xk]. Hence
2 .
h i gt =
N = XT§‘Zglng = X];iioxE 2 § : Z:

By noting that the dimensions match, i.e. X; 2 CiEM Xf 2 ME£" and §i7 2
€74 its easy to see that with N; := X §§1X;

X X |
N = N = x{gzlzlx. = X! (Zi8yyZl)! X (5.40)
i=1 i=1 i=1

Similarly it can be deduced that

N = XT§I1 = x XT§11 X XT 7 Tyi 1.
N 2923%9 zizi4 i (Zi8yyZi)' ~z: (5.41)
i=1 i=1

Hence, the construction of huge block matrices can be avoided by using the above
two sums.
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Brief Summary of the GH-Method

Having all necessary linearizations at hand the system of normal equations (5.35) is
set up by using the sums (5.40) and (5.41) folN and zy , respectively. In combina-
tion with the H-constraint the inverse of the normal equations is built, which gives
the corrections ¢ p and the associated covariance matrix § ¢ u. Consequently, the
individual updates €vy;, i 2 [1;k] , for the tted observations can be evaluated by
means of equation (5.38).
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Chapter 6

Practical Aspects of Geometric
Algebra

On the one side there is the framework of geometric algebra and on the other side
there is a parameter estimation method that bases on matrices and vectors. It is
therefore natural to ask how these two concepts can be combined in a reasonable
way.

Every Cli®ord algebra has a certain matrix representation [6], where the geometric
product can be evaluated simply by using the normal matrix multiplication. A case

in point are the Pauli matrices %; % and ¥ which can be considered a basis of 3
[61]. An orthogonal matrix basis of the conformal geometric algebra, for example,
can be derived from the set of & 8-matrices:

2000000 1 0°
0 000 0O 01
0 000 1 0 00
_ %0 00 00 1 00
©© =80 0 1 0 0 0 0 ©
0 001 00 00O
10 0 0 0 0 0O
01 00 0O OO
200 0000 o0 1° 2000 0100 0°
0 0 000 010 00 0 O 01 0 O
0 0 0 00j1 0O 00 0 O 001 O
_ G0 0 001 0 0O _ 600 0 0 00 0 i1
2= 80 0 0 100 007 ®T 8100 000 0 O
0 0 j100 0 0O 01 0 0 00 O O
0il1 0 00 O 0 O 00jl1 0 00 0 O
10 0 00 0O 0 O 00 0 100 O O
21000110003 2]%0 0 0 j3 0 O o3
0100 0 j1 0 0 0 i3 0 0 0 j3 0 O
0010 0 0 i1 O 0 0 j2 O O O j% O
e= R0OO0O01 0 0 01 e = 0 0 o0 jf o 0 o0 i
1000i1 0 0 O ° ;} 0 0o 0 3 0 0 O
0100 0 j1 0 O o 0 0 0 f o0 o
0010 0 01 0 o o i o o0 o0 % o0
0001 0 0 01 o o 0 3 o o 0 3

179
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It may easily be veri ed that, for instance, €2 = 0 (a matrix with zeros only) or
e? = lg. The fourth and fth basis vector, e, and e; , can then be calculated from
e and e, according to equation (3.6) and equation (3.7), respectively.

Note that basis blade e, for example, corresponds to the product of the matrices
for e; and es.

Nevertheless, the chosen numerical CGA representation is much more trivial; the
coezcients of the 32 components of a multivector are merely put into a vector.

Hence using the matrix notation every element of 41 can be expressed as a vector
in 32, This is detailed in the following.

6.1 Geometric Algebra and its Tensor Notation

Now a closer look beyond the symbolic level of geometric algebra is taken. It is
guestioned how the structure of GA can be realized numerically. The solution which
is being presented makes direct use of the tensor representation inherent in GA.

algebra ,, see page 19. A multivector, sayA 2 ,, can thus be written as
the linear combination A = & E;, whered denotes thei™™ component of a vector
a2 2 and a sum over the repeated indexi is implied (Einstein summation
convention, see page 256). Clearlya holds the coezcients of A. Operations as the
geometric product may be included in the same manner.

If B = b'E; and C = c'E;, then the components ofC, given by the algebra
equationC = A+B (' is a placeholder for some algebra product), can be evaluated
via ¢ = d b G, that is

cC = A + B
# # # # (6.1)
ck = d Gkij bl ;

where Gg; 2 2'£2'£2" js a 3-valence tensor encoding the productt’. The index
that directly succeeds the tensor, in this casek’, is typically associated with the
result dimension. It is noteworthy that each component of the vectorc2 2" can
be written as a quadratic form as the tensorG = [ G ) gets two-dimensional for
any xed index k, i.e. G¢ = (Gyj )igj 2 2'£2". Consider, for example, the scalar
part lCi, wherek =0

hCi = ¢ = a'Gyb:

Aside: The bilinearity in the algebra products manifests itself on de ning the matri-
cesU;V2 2'£2" asU(a) := [ a G4 )] and V(b) := [ bl G¥j ), respectively, because
c= U(a) b= V(b)ais obviously linear in b and linear in a at the same time.

For more explicitness a map @ can be introduced

X 7 X
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By means of @ it becomes possible to assign vectors to algebra elements. Hence
regarding the preceding text it is ©& (A)= a, ©;(B)= band & (C) = c.

It is quite scaring that every CGA tensor that corresponds to a binary operation

(a unary operation, by contrast, is e.g. the reverse) consists of%? = 32768 coet-
cients. This would cause some CGA expressions to be inoperable. So, in practice,
the complexity of calculations can be reduced considerably by using masked mul-
tivectors. A line L, for example, can internally be stored by six coezxcients with
associated mask

L = 0:45e12+0:89ey3+0:47e0e
#
line mask; [0:45 089 0 0 047 O];

3

where
line mask = [

4 56 0
000 O

0
0
1 6
0 0
0

O ONO
OO wo
oo ~O
o o Ul o

0 ]
Aside: The line mask contains double indices because basis blades likd7e.e
correspond to the two componentsD:47eze, and 0:47eze; , respectively, due to
e= e; + e (internally the e: e, -basis is used), see page 85.
Accordingly, a map © can be de ned that replaces ® - the full mapping. The

new © only maps the minimum number of coezcients necessary presuming the
corresponding mask is known

©: pq k. k- n
X 7i X
To understand this consider an OPNS circleC® from which alineLc = j e¢C" is

to be calculated according to equation (3.49). As it is known beforehand thatC ®
is a 3-blade, it follows

oc® 74 c2
o) 71 e2 !
oL) 7t 12 ¢

Note that generally the outer product of two vectors, for instance, will not produce
3-vector components such that these can be disregarded. Analogously, with the
help of © the dimensions of the product tensor for the inner productj e ¢C*“, in
the following denoted by Q, can be restricted to only those components of the
multivectors that are actually needed. Then Q can be determined such that

Ik = i eiQkij d with Q2 6£ 1£ 10.

So exploiting the internal structure of CGA elements, the operation can e®ectively
be carried out by means of a 6-by-10 matrix rather than by a 3-valence tensor with
32768 elements.
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6.2 Error Propagation with CGA

Besides the necessity to provide covariance matrices as required by the Gauss-
Helmert method introduced in chapter 5, it would also be senseless to not be able
to go on calculating with the obtained uncertain multivectors. Consequently, an
error propagation approach must be chosen that may cope with typically occurring
geometric algebra functions.

The error propagation to be presented here isstandard error propagation, which
means that moments of grade higher than two are disregarded. Hence error propa-
gation as used for this thesis bases on the concepts expectation and covariance. The
alternative would be to either consider higher moments or to work with analytically
derived pdfs. In both cases it must be taken into account that multivector valued
functions are usually highly multivariate, especially if more than one multivector

is involved. As a result, the complexity of maintaining and numerically represent-
ing the uncertainty information explodes. Despite that one must be aware that
standard error propagation is mostly an approximation as it can be derived from

a second order Taylor expansion of the function under consideration [82, 74]. This
may only be alleviated by two things: rst, the employed GH-method is likewise
not capable of taking advantage of uncertainty information other than covariance
matrices, nor can it provide such kind of information. Second, in the eld of com-
puter vision, and above all in geometric algebra, most of the time bilinear problems
of the form (6.1) are encountered. This type of expression comes as close as possible
to linear equations, for which error propagation is in e®ect exact.

Error propagation starts with the initial uncertain observations, which are typically
assumed to be normally distributed. Since propagation relies on a Taylor approx-
imation at the mean of a random variable two circumstances should be present:
the function at hand is supposed to be locally well approximated by its tangent
at the mean, and likewise the related pdf should quickly taper o® within a certain
validity region around that mean. Note that this does not automatically require
a Gaussian distribution, as provided by the initial observations. Consequently, if
an error propagation result is given in terms of a mean and a variance, it does not
say that the solution corresponds to the mean itself, although this is often tacitely
assumed. As an example, consider the case where the resultant density distribution
is symmetric bimodal (M-shaped).

Non-Gaussian distributions can easily come up as shown in gure 6.1 and gure
6.2. The rst gure geometrically explains why the product distribution of two
Gaussians cannot be Gaussian. This is then substantiated by the second gure.

Subsequently, it is dealt with the question of how the rst two moments of a random
variable are propagated when a function is applied. In the univariate case, i.e. for
one random variableX and a functionh: ! , it is well known that

E(h(X)) ¥ hEQS) + 3hRECE)) Var()

and
Var( hQ/( ) Ya hO(E()V( ) 2 Var( 2/( ):
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Fig. 6.1: Product of Gaussians: the random variableZ = XY, %= 3=5, cannot be
Gaussian as there are more values smaller than nine (the mean &f) than values
greater than nine, cf. "gure 6.2; the di®erence can be though of as twice the area
denoted with ¢.

If a function h(x) 2 is to be examined, Wherex 2 S denotes a random vector,
the multlvarlate Taylor expansion at the mean, here denoted byX := E( X), must
be used

2 A LA ! —
X ! \a ¥ @ —
= o S el S s
k=0 ' my+iEme=k LTS = i=1 X=X:
where ¢x = X i X. Along the above lines it sutces to setk := 2. Let
hy, (X) = @h(x) and correspondingly hy x (X) = ——h(x) The second order

approximation then reads

X3 x3
h(x=X % h(®+  ¢xhg(X)+ 3 ¢ X ¢ X hyx (X):
i=1 i =1
Building the expectation with the help of the marginal distributions f (x;;%;), ob-
tained from the joint density distribution f (x) = f (X1;X2;:::;Xs), it follows

X3
E(h(X) % h(®)+ 3 [Exdi hxx (9; (6.2)
ijj =1
where 84« symbolizes the covariance matrix of\)/(.
This can be extended to a function of two vectors by splitting x into two parts, i.e.
xA [xy]with x2 Sandy?2 ! see also [74] page 102. The original covariance
matrix must be partitioned as well

" #
8§ xx §xy

§yx §yy

8y A (6.3)
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Fig. 6.2: Histogram over 3000000 samples fror\i/i. The skewness of the distribution
is obvious as mean (9), median (&) and mode {2 8:2) do not coincide. 535% of
the samples lie below E@) =9.

Thus exploiting that hyy, = hy,

X3
E(h(x;Y) ¥ h(xy) + 3 [Exdi hax (%)
ijj =1
L Xt
+ 3 [8yyli hyiy; (XY)
ijj =1

x X
+ [Bxyli hxy (XY); (6.4)
i=1 j=1

ow consider a typical bilinear algebra product as given by equation (6.1): let
= )\g J_r\V( such that the usage of © yields

\l/1k = X Gkij yl: (6.5)

v

Note that by the bilinearity of \b" it cannot be di®erentiated twice with respect to
the same variable, for instancex. It is thus clear from the preceding elucidations
that applying equation (6.4) gives

X
E(hY) = hxy) +  [8xli hy (x)
isj

hk(X; y) + [8 xy]ij GI(ij

It is crucial to note that this result is not an approximation since even a complete
Taylor series expansion will not provide terms higher than the rst order derivatives:
error propagation for the mean of a bilinear function is exact irrespective of the
underlying distribution.
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Now that the expectation E(\lﬂ) of a random vector with functional dependence
h(x;y) can be evaluated it remains to look for an appropriate expression for the
covariance matrix of\tl. Starting again from h(\;( 2 S)2 equation (6.2) can be
utilized in

Cov(:Y) = ECXY) i ECOE(Y) (6.6)

to derive the familiar expression
§ZZ 1/4 ‘]h,X(X) §XX Jh;X(X)T; (67)
where 7 := h(X) was used. The Jacobiandx(x) is de ned as

h i
@

Jh:x(X = —hi(x):

h,x( ) 7 @j |( )

At this point the splitting (6.3) can be reused, i.e. substituting x A [x;y] yields the
covariance matrix for z := h(X;¥)

h " #" #

b 8 Sxy Inix(X; y)T

822 Yo Inx(XY) Jny(XY 6.8
2z Yo Inx(XY) h,y( y) §yx §yy Jh;y(X;V)T (6.8)

On multiplying out this result it can be seen that each term is a variant of the
linear equivalent (5.10).

For the concerns of this thesis the accuracy of equation (6.8) regarding bilinear
functions must still be investigated. As it was resorted to a second order Taylor
expansion one could expect that error propagation of covariances is exact in the
bilinear case. But it has to be taken into account that because of equation (6.6)
terms like E(Qab/b) may occur, that is in the notation (6.5)

3

E(h*NY) v E x X2yt yi2 Gy, GOy,

Correspondingly, second derivatives might no longer be adequate - instead a Taylor
approximation of order four would be necessary. This is gone through in [93, 96]
with the result that an additional bias term is to be added to equation (6.8) so as
to reach exactnes$. Here a di®erent method is chosen to provide the bias term: it
is proven in [74], page 134, that the covariance of two symmetric quadratic forms
VTAV and yTBy, respectively, is given by

Cov(yTAY;Y'BY) = 4 VTA§\BV + 2tr( A§wB§w) (6.9)
where v 2 V- denotes a normally distributed random vector with expectation
v.=E( y) and covariance matrix 8y = Cov(\y;\\//), as usual. Now let w.l.o.g.

mn # mn #

v VI — 1 1
\\/—[\)/(,\)/], A= 3 and B =3

! Assuming normality for Xxandy.
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wherex2 *,y2 Yand G*; G2 *EY such that
— . T — T ~a T — T ~by.
V= X+Yy; VIAY = X Gy and ViBYy = X G:

The subexpressionA8 B in equation (6.9) yields

" #" #" # " T #
1 0 & 8 8y 0 @ _, G868 G8§ue
& 0 85, 8y G 0 Y @8, GTELE
(6.10)
where it was used that " #
5 8 xx §xy
'A%
§yx §yy
Setting again z = h(x;Y) := [ XTGY; xTG?Y] 2 2 it follows with
" T aT # " T a #
y'G X' G
Ii(xy) = 7 and  Jny(X;Y) =

X! GP

that according to approximation (6.8)

" #" #" #
V& X'G 8« 8y Gy Gy
v XTGP 8§, 8§y GTx @'x
Particularly interesting is of course the covariance

Cov(YTAY;VTBY) = [8 zz12 ¥4 VGT8,,GY + X G§,Gy

|

= 4vV'A§8,BV:

(6.11)
The last equality can be inferred from equation (6.10). It is crucial to notice that
this is the "rst term of the non-approximative equation (6.9). Hence the recti cation
must consist in the second term 2trA8,,B8y). For a deeper analysis of this term,
it is now being used that, given two matricesA and B, it holds that tr( ATB) =
vec(A)T vec(B) = Al Bj . Exploiting the symmetric block structure of all involved
matrices it is

2tr(A8wB8 ) = 2vec(§ wA)' vec(BS w)

" T #
2 §yGT &G G’8yx  G’8yy
4 8 W GaT 8§ VX e GbT 8 GbT 8§ Xy

3

= 1 [8yGT] [C8ydi +18 WG [C 8l

ij

+[8 oGl [CP8 i +[8 wGT [ 8xlj : (6.12)
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For a simpli cation it can further be used that tr( AB) = tr( BA). Thus
vec(AB)T vec(CD) = tr(( AB)'CD) = tr( BTATCD)
= tr( DBTATC) = tr(( BD")TATC) = vec(BD")" vec(A'C): (6.13)
The repeated application of this shifting scheme eventually gives
[AB] [CDJ; = [BD']" [ATC]; = [D'C']' [BTAT]; = [CTA]' [DBT];:

This shows that there are the identities

[5G [8yli = [§ G [C” 8l

S0 TT [C'8ydi = [8 Gl [C” Sl
in equation (6.12) such that nally

2tr(A8 WB8w) = [8 Gl [CP8yyli + [8 G ']V [CP8 ylj : (6.14)

To conclude, the covariance matrix regarding a general multivariate bilinear expres-
sion z = h(x;Y) 2 K as given by equation (6.5), can be derived from equation
(6.9): the elements of the respective §, 2 X£K can thus be computed by com-
bining equations (6.11) and (6.14), that is

[§270ap = V' G T80GY + X' G'8,,GY + ¥ GT8,,G" x + X' G*§,,G"'x

+ vec(§ wG?) Tvec(G’8yy) + vec(§ xyGT)Tvec(G8yy):  (6.15)

The resultant distribution of z does
however not follow a normal distribu-
tion: letagain Z = XY, where this time
X » N(0;%) and Y » N(0;%) with
Cov(X;Y) = 0. By means of equation
(6.15) it is

- 23/2.
Var(g) = %(3/9.

A histogram sampled from the distribu- g
tion is shown on the right. Fig. 6.3: Non-Gaussian distribution

Despite the exactness of equation (6.15), it is equation (6.8) that is being favored
as its simple matrix form allows for an ezcient processing where thousands of
covariances have to be propagated.
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6.2.1 Conformal Embedding - the Stochastic Supplement

The rules of error propagation have to be obeyed as well when embedding points
into the conformal space by means of the functiorK as de ned by equation (3.1).

A Euclidean point % = xie1 + X»€, + X3e3 2 3 (given in the notation of chap-
ter 3) can clearly be identi ed with a Gaussian distributed random vector X =

[X1; X2; X3] 2 3. Let, at variance with the former representation X = E( X), the

expectation of X be denoted by the point itself, that is? E(X) = x. Let, as before,
the respective covariance matrix be given by §,2 S3£3.

For the purpose of propagating the expectation E(((\;()) equation (6.2) can be used
with h(X) := ©(K(X)) 2 5. According to equation (3.1) it follows at st

h(x=0©(%) = ©(x + 3%x°e + eo) 0L X % X Xa: ix's; 11 (6.16)

It can be seen that only the fourth componenth?* will produce second order deriva-
tives di®erent from zero, speci cally

hj(lin (X) = ﬁj
such that the expectation for the e-component becomes
(6:2) - i - e
E(h*(X) = E( 370 % h'(®) + 3[8xd" hiyx (¥ = XX + (8§ x):

The uncertain representative in conformal space, i.e. the stochastic supplement for
x = K(%), is thus determined by a sphere with imaginary radius

E(K(X) ¥ x + 3tr(§ x) € (6.17)

see equation (3.11), rather than by the pure conformal pointx. However it is
refrained from using the exact term (6.17) since the advantages of conformal points
over spheres with imaginary radius empirically outbalance the numerical error by
far.

The 5£ 5 covariance matrix 8y belonging tox 2 %! can easily be computed by
means of equation (6.7), which is in this case more adequate than equation (6.8)

8xx Y4 Jnx(X) 8 xx -Jh;x(x)T:

The respective Jacobians can directly be deduced from the vector representation
on the right in equation (6.16)

2 3
1 0 0
- 0 1 0
Inx(®) = @'Cé(X)I =80 0 1
=X X1 X2 X3
0 0

2Hence x can be regarded as a maximum likelihood estimate built from a set of samples of size
one. It may likewise be stated x = © ' ().



Chapter 7

Applications in Computer
Vision

This is the rst time that all concepts of this thesis are being brought together.
Three di®erent parameter estimation examples shall demonstrate the goodness of
the previously derived GH-method, see preferably section 5.3.4, when applied to
problems expressed in the language of conformal geometric algebra. It is begun with
a simple example of "tting a circle to a set of uncertain points in 3D, which was
also one of the rst experiments with the GH-method. The elucidations culminate
in the presentation of a solution to the perspective pose estimation problem as
introduced in chapter 4. The subsequent descriptions clearly builds on CGA, but
subjects such as error propagation are prerequisites as well; refer to chapter 6 in
this respect. In the end, experimental results including comparisons to standard
approaches are presented.

Recall that, in general, the aim is to nd multivectors that satisfy a particular
condition that depends on a set of uncertain measurements. The speci ¢ problem
and the type of multivector, representing a geometric entity or a geometric operator,
determine this condition. Here point measurements from Euclidean 3D-space are
considered, where the respective uncertainties are assumed to be given by covariance
matrices.

Related Work

A discussion regarding the linear estimation of rotation operators in geometric alge-
bra can be found in [98], albeit without taking account of uncertainty. In the scope

of perspective pose estimation Rosenhahn and Sommer [104] derived a method for
estimating rotation/translation operators by means of conformal geometric algebra.
Their approach is mainly based on the strati cation hierarchy of Euclidean, projec-
tive and atne spaces. Based on previous works by FArstner et al. [35] and Heuel
[65], where uncertain points, lines and planes were treated in a uni ed manner, the
estimation of uncertain CGA operators was introduced in [95], which can be viewed
as a foundation for this text.

189
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Notation for Succeeding Sections

In the "eld of computer vision the variables x and y are typically designated for
representing image coordinates. Hence it is necessary to (partly) give up the classi-
cally stochastic notation given in the synopsis on page 169 so as to avoid confusing
the meanings. Especially the Jacobians of de nition (5.26) have to be adapted.
The following changes arise:

Parameters i P 2 M
Number of block observations k i N
i " block observation y; i bi 2 i
Vector of observations vy i b 2 K
Jacobian w.r.t. parameters  X(y) i Ub)y 2 Ng£ M
Jacobian w.r.t. observations Z(p) | V(p) 2 Ng£ K

7.1 Fitting a Circle in 3D

The rst example is a classical parameter estimation problem: "tting a circle to a
set of points.

Given a set of N observations, that is Euclidean 3D-points with associated covari-
ance matrices, their stochastic embedding into the conformal space, as described in
section 6.2.1, yields a set of conformal point$b, ...\, 9, together with the propagated
5£ 5 covariance matrices, denoted byf 8 p,p,; 8b,b,; 11 1; 8 byby O-

Note that henceforth a stochastic embedding as above is implicitly assumed through-
out all remaining sections dealing with estimation.

7.1.1 The Functional Model

For the purpose of tting a circle to the data a functional model must be present.
Remarkably, it arises right from the de nition of a circle in CGA (page 108): the
inner product null space. Hence a pointx lies on the circleC i® it ful lls the simple
condition

x ¢C = 0;

where the 2-bladeC = C,, can be thought of as an intersection of two spheres,
say S1 and S2, see equation (3.43). In fact, it is

X0C = X 6(S1" S2) = (I fSS2 i (x fS9)S1
2 2

an expression being di®erent from zefounlessx lies on both of the spheres at the
same time, which is equivalent tox being a point on the circle. Now isomorphism

1The expression may also be zero if the spheres are not linearly independent. However, this
would imply that S; and S; represent the same sphere.
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© can be used to transfer the inner product expression to an equivalent matrix
representation, which may then already be used as the necessary G-condition for
the GH-method. The parameter vector p that describes the sought circleC is
ten-dimensional as there are ten basis blades of grade two in4.1. Accordingly

ob) 7 b2 ° i 2 [1;N]

©(Cp) T p2 1o

Note that the inner product of a vector with a bivector results in a vector. Since a
vector has "ve components, the condition equationg; for the i " (block) observation
is ve-dimensional

gi(bi;p) = ©(bi¢C) = 0 2 >
The respective JacobiansUi(bj) and Vj(p) can be obtained from the tensor repre-
sentation of the G-condition; the t™" component ofg; = [(b[ Gsp’] 2 S reads

[i(bi; p)]t = b{Grsp®; 1-t- 5

where the product tensor G 2 %5210 j5 assumed to realize the inner product.
Di®erentiating thus gives the matrices

Ui(bi) K b{ G rs) 2 SE10

Vi(p) KGtrsps)] 2 k3

wheré? V = Vi is constant over 1- i - N. These matrices are nearly sparse
due to the particularly simple structure of the G-tensor for the inner product. For
example,

2 3
i biz 0 blg i bi,4 0 0 b15 0 0 0
bil i b13 0 0 i bi4 0 0 bi5 0 0
Ui(bi) = 0 b2 b1 0 O jbs O O bs O
0O O O by by bs 0O 0 0 bs
0 0 0 0 0 0 bi1 biz biz bia

It is important to notice that algebraically tting a circle is obviously a linear
problem as it may be written

gi(bi;p) = Ui(by) p: (7.1)
Later on, the linear relationship is used to determine an initial estimate for the

circle, which is possible because the parameter vectgps does apparently lie in a
common nullspace of the matricesUj(bj), i 2 [1;N] .

It can easily be demonstrated that the imposed conditions are indeed algebraic but
not geometric. Picture 7.1 shows a circle and lines of equal inner product (norm of
the inner product). These isolines were chosen to be equidistant in the circle plane,
and it can be seen that their respective curves deviate from concentric circles as
they would occur if the inner product returned the Euclidean distance to the circle.
So in case of imperfect data the algebraic t can slightly di®er from a geometric t.

2ltis [ G'is p°) = ( G'rs p)ier OF equally [G'rs p°)j = G'js p°, consult appendix C.
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Fig. 7.1: Inner product isolines: the inner product of a point and a circle tends to
be isotropic with decreasing proximity to the circle.

7.1.2 Constraints

It must not be overlooked that additional constraints are necessary. The reason is
an overparameterization of the circle. A circle in 3D needs six parameters to be
uniquely de ned (three for the center, two for the circle plane and one for the radius)
- the parameter vector p does however have ten components so that a functional
dependency of 4 = 1Q 6 is present. In order to x the overparameterization, an H-
constraint on the parameters, forcingC ~ C to zero, is introduced, which constrains
C = ©i Y(p) to be a 2-blade (proved in section A.3.1). LetO 2 5£10£10 dengte
the tensor for the outer product. The result dimension is again ve-dimensional
becauseC ~ C yields a quadvector, see page 86. The vector of constraints2 °
is thus
h(p) = ©(C~ C) = [ p'O'sp°);

whence the matrix H is obtained _
HP) = @h(p) = 2(p'0's) 2 %%

The matrix is at most of rank “ve but it turns out that rank( H) = 3, which is why a
further constraint has to be added so as to completely remedy the functional depen-
dency. Recall that CGA entities may vary in scale because a change in scale does
not change the inner or outer product null space. The last constraint is therefore a
kind of standard constraint inherent in CGA. W.l.o.g. it can be demanded

h{p) == p'pi 1 =0 2 0 Hip) = 2[(p )" = 2p7 2 *1
Combining the matrices H and H?asH A [H: HY gives
1 2 3 4 5 6 7 8 9 10

€167 €re3 €381 €16+ €6y €36+ €1€; €26, €36, €+¢€

i Ps P4 Ps P2 P3 P1 6 0 © 03 e182€3€+

Po p7 pg¢ 0O 0O O p2 p3 pr O e1€2€3€;

L= 2@ P 0 O ips pr O ps ipa 0 p1 . 182648
O po O O jps ps 0O ps iPs P2 €2€3€+ €

0 0 pwo po O ipr iPs 0O psa ps e3e1€4 €

P1 P2 P3 P4 Ps Pe p7 Ps Po  P1o
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The elements on the right indicate the basis blade that a constraint-row aims at.
The elements aboveH indicate to which basis blade the columns belong to.

7.1.3 Proceeding

Since it is iterative in nature, it was previously assumed that it exists an initial
starting point for the GH-method; clearly, regarding the data the observations
themselves can be taken, but an initial estimate for the parameter vector has to be
provided as well. By means of equation (7.1) it follows that the parameter vector
p must satisfy 2 3
U1 (by)

-1

Un(bn)

| —{z——
U(b)
Thus p lies in the common nullspace of theU;, i 2 [1;N] , whence a simple singular
value decomposition (SVD) of U(b) can be used to compute the initial estimate.

Having all the necessary matrices at hand the GH-method can be applied, i.e. it
can be solved for the corrections ¢ and f¢ b,.., g. Experimental results and
comparisons that show the quality of the GH-method applied to the illustrative
example of a circle- t problem, can be found in the introductory paper of Perwass,
Gebken and Sommer [95]. It likewise comprises experimental results for the problem
stated in section 7.2.

7.1.4 Visualizing Uncertainty

As derived on page 174, the method as well provides the covariance matrixgg of p.

It tells how reliable the model ts the observations and how advantageously these
are distributed. It does not re°ect to which extend the estimate deviates from a
potentially perfect t regarding ground truth (because this cannot be known), i.e.

it is no quality measure for the method. Figure 7.2 illustrates the uncertainty of
an estimated circle. The surrounding tubes, indicated by slices, show the standard
deviation of the estimates.

Because a line has one degree of freedom fewer than a circle (it hasBecomponent),
adding a further constraint is suxcient to enforce the estimation to yield lines. It is

likewise possible to simply omit the entry in p that represents the E -component so
that one is left with a nine- rather than ten-dimensional vector p; the constraints
will then still make sure that the estimate is a blade. The uncertainty of an esti-
mated line is depicted by gure 7.3.
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“o.

Fig. 7.2: Fitting a circle: the uncertainty, i.e. standard deviation, of an estimated
circle in four di®erent views. The image in the lower left depicts a top view of the
circle.

Fig. 7.3: Uncertainty of an estimated line indicated by a twisted elliptic tube.



7.2. ESTIMATING A RIGID BODY MOTION 195

7.2 Estimating a Rigid Body Motion

This section is preparatory for the coming sections dealing with pose estimation in
that not a geometric object but a geometric operator, namely a motor, is estimated.
Such an element is also the objective of the estimation presented in chapter 4, where
an approach completely di®erent from the GH-method is chosen. A comprehensive
discussion of motors can be found in section 3.4.5.

M
-
{b, 1} iz
(lII'IL‘IE'I’l"-'\'IiH) 'C{‘;i;’.i::::'
m { 35585,

Fig. 7.4: The estimation of an RBM with points forming a cube.

Now it is being focused on the transformation interrelating two (almost) congruent
sets of 3D-points. Letfa,.. g and fb,.., g be the two sets, where it is assumed
that each point a; 2 %! is a constant, whereas the corresponding poinb; 2 %1
represents an observation with associated uncertainty §,, 2 5,12 [LLN] . An
example scenario is depicted in "gure 7.4. Recall that in CGA, transformations are
expressed in the form of

Ma ¥ = b (7.2)

Unfortunately, it is no particular algebraic operation known by means of which the
motor M that best transforms the points fa;...,, ginto fb,..., g could be computed
at once. However, switching to the tensor representation of CGA the above equation
can be reformulated [98]. The rst step consists in exploiting that a motor is a
unitary versor, i.e. M f = 1. on multiplying with M from the right, equation
(7.2) can be rewritten as

Mall = b Ma | bM = 0;

whence the tensor representation follows as

M aj i bi, M = 0
t -5
©: # # # # #,
| 1- i - N:
P Guw a i b Gy p¢ = O
(7.3)

ltis©(a)= a2 > ©Mb)=b2 Sand©M )= p2 8, which includes the scalar
component of a motor, see below. Accordingly, the tensor for the geometric product
is (Gl 2 “E8Sand[G)2 5258 respectively. The ©-mask associated with
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the motor, see page 181, is
RBM mask [

756 70
0 00O0O (7.4)

0O wo
oo h~O
o O U1 o
o oOoOo

1
0
2
0
8
0 ]:

As expected, equation (7.3) lends itself to being used as the functional model. A
di®erentiation w.r.t. p and b;, respectively, yields the familiar matrices

g(bi;p) = [p‘Gua'i b'Gp)=0 2 5
=)
U(bl) — KGtklaiI I bLIthk):l 2 5£ 8 (75)
Vip) = [i pGi) 2 S5ES

Since a rigid body motion is de ned by six rather than by eight parameters, con-
straints become necessary. It may be chosen

h(p) == ©¢M M i 1) = [p*Cm R™ P i 2 33

where G and R denote the tensors for the geometric product and the reverse oper-
ation, respectively. Symbolically evaluating h(p) for multivectors with a structure
imposed by the RBM mask reveals thath(p) is sparse - only the entriesh;, hy7 and
hog are non-zero:

hy = p+pd+pd+pii 1 =0
hoz = 2(psP1i PsP2i PeP3i p7pa) = O (7.6)
hog = hyy

Thus the condition M ¥ = 1 provides exactly the two required constraints. Dif-
ferentiating gives

2 3

g P P2 P3 pa 0 0 0 05: 77

Ps iPs iPs iP7 iP2 iP3 iPs P1

H(p) = 2

These two constraints in conjunction with the implicit structural constraint imposed
by the RBM mask are suzxcient to describe a motor, an element from the Lie group
SE(3), cf. chapter 4. The encoding, which is also free from trigonometric functions,
is therefore remarkably dense, for example, in comparison to a rotation matrix,
which needs six constraints for nine parameters (three degrees of freedom).

By simply substituting the derived matrices U, V and H into the respective equations
given in the theoretical part, the estimate for M can be computed in an iterative
way. An initial estimate may easily be obtained by using the SVD-method described
in section 7.1.3, applied to theU-matrices given by equation (7.5), or by using the
rotation matrix based standard approach in [5].
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7.2.1 Experiments

To show the quality of the GH-estimation method, synthetic experiments were
conducted, see [95].

In the experiment, the points fa,..., g, from now on referred to as the “true' points,
are Gaussian distributed about the origin with a standard deviation 0.8. These are
subsequently transformed by the ground truth motor M o, which gives fa® ..\ g,
the transformed true points. Afterwards, noise is added to build the data points
fb;..., - Notice that the noise is exactly generated in compliance with the respec-
tive, randomly chosen, covariance matriced § p,p,; 8b,b,; :::; Sbyby0-

The above procedure is repeated: for each of 40 sets of true points, 40 data point
sets are generated such that a total of 1600 motors is estimated. Finally, the true
points are rotated by means of the corresponding estimatesf M ,..,,0;..,09 tO
give fff &,..\ 9;...4091..409. For each of the 1600 runs, Euclidean distance vectors
fd;..y 9, de ned as

d = K'@ikita 2 3% 1-i-N;

are computed. From these values two di®erent quality measures are calculated: the
Euclidean RMS?-distance

1 X

and the Mahalanobis RMS-distance, which already occurred on page 153,

' 1 X Te i1
= N 1di §bllbi d:

For each true point set, the mean and standard deviation of thete and +5 over all
40 data point sets is denoted by ¢z, ¥% and ¢ g, ¥, respectively. It then remains
to average over the true point sets, i.e. over ¢, ¥ and ¢g, ¥ . The ultimately
obtained values are denoted byt £, % and ¢ 5, ¥, respectively. Furthermore, the
experiments were conducted for di®erent rotation angles.

¢s (%) ¢e (%)

% Std SVD GH Std SVD GH
0.09||1.44 (0.59) 1.47 (0.63)0.68 (0.22) 0.037 (0.011)0.037 (0.012) 0.024 (0.009
0.18] 1.47 (0.62)|1.53 (0.67) 0.72 (0.25) 0.078 (0.024) 0.079 (0.026) 0.052 (0.019

Table 7.1: Result of general rotation estimation for standard method (Std), SVD
method (SVD) and Gauss-Helmert method (GH).

Table 7.1 compares the results of the GH-method (GH) with those from the initial
SVD estimate and with those given by the standard approach (Std) described in [5].

3RMS stands for “root mean square'.
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Since the quality measures did not give signi cantly di®erent results for rotation
angles between 3 and 160 degrees, the means of the respective values over all rota-
tion angles are shown in the table. The rotation axis always points along thez-axis
and is moved one unit away from the origin along thex-axis. In all experiments

N =10 points are used.

It can be seen that for di®erent levels of ground nois&; (according to which the
covariance matrices §,p, are created) the Gauss-Helmert method always performs
signi cantly better in the mean quality and the mean standard deviation than
the other two. The Euclidean measure¢ g is approximately doubled when%; is
doubled, whereas the stochastic measuré s increases only slightly. Note that
¢s < 1 implies that the points fff &;..\ 01..4001.-409 do mostly lie inside the
standard deviation ellipsoids of the correspondingf a%...,, 9...400-

7.3 Perspective Pose Estimation

Although the problem (PNP, cf. the introduction in chapter 4) seems very similar
to what is presented in the previous section, it is completely di®erent: before the
problem was linear in the parameters, here it will turn out to be quadratic. The
reason is that points are no longer mapped to points but to lines - the projection
rays, see the illustration in gure 7.5.

.
.III'
3D-point e M fitted
model .l'l:l model
| y
n
¢ Cl ad

Fig. 7.5: Perspective pose estimation using 7 of 8 model points.

The present situation is typically associated with the pinhole camera model, so
here too. Hence the same assumptions are in e®ect as in section 4.1. Let the object
model be given by the (visible) pointsfa,..., 9. The uncertain observationsfb;..., g
are the corresponding image points from which the respective projections rays are
to be computed. This issue shall be clari ed rst. If e4 is identi ed with the optical
center, the line representing the projection ray through an image pointb = K (D) is
simply given by

(3:18) (3:9)

(e eo”b)l = (E~D)I = EB = 1Bl & ng = boig
= bze12 + bress + bpes; 0 D = bier + bpey + bzes;

B
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wherefby;bp; 39 %2 . This linear relationship shows that the projection rays may
likewise be taken as the observations. In this case, error propagation, as presented
in section 6.2, is not only linear (and thus exact), the 3£ 3-covariance matrix of B

is even a cyclically shifted version of the one belonging t®.

Nonetheless, it is a standard procedure to use barycentric coordinates in computer
vision, which is why the optical center might deviate from e,. Although lines
not passing through the origin may have up to six parameters, cf. the line mask
given on page 181, the computation of the projection rays still does not involve any
approximation. Hence let ©B (b)) = b2 6.

It is now being focused on the functional model and the constraints. Note that the
subsequent identities are crucial not only for the current section.

Let B be thei th projection ray belonging to the i " image point bi, 1- i- N.
In concordance with the elucidations on page 137, equation (4.1) is used for the
G-condition, i.e.

(Ma 1) ¢B; = 0:

On setting ©(a;) := 2 °and©M ):= p2 38, it may be written 4
gi(bi;p) = (PP a bl s = 02 % (7.8)
where the product tensor | arises from contracting all constituent product tensors
| = (Gl CanRUN'eo)igkeieres 2 FBEBESES (7.9)

Here G, R and N denote the tensors encoding the geometric product, the reverse
operation and the inner product, respectively. It can be seen that the G-condition
(7.8) is indeed quadratic in p such that the dizculty of iterating to a solution is
brought to a higher level. The derivatives are

U(by)
V(p)

The H-constraint is self-evidently the one given by equation (7.7) from the preceding
section, i.e. M M = 1. The Gauss-Helmert method may thus be applied as soon
as an initial estimate is available. Very good results in this respect produces the
geometric method introduced in chapter 4, see the experiments.

[(pl (: tIkrs +: tklrs)aifr bis)] 2 o8

K Al t 5£ 6 (7.10)
[p“p &’} ‘urs) 2 :

7.3.1 Experiments

The subsequently presented results are in the main taken from [41].

The assumed pinhole camera imaging geometry basically resembles a normalized
one [27]. the optical axis is aligned to the x-axis, the focal point is at the origin
(0; 0; 0) and the image plane is centered at the point (10; 0), i.e. it has unit distance

to the focal point.

4The whole expression readsgi(bi;p) = [ p* G« a" G'ab R® p' Nics bi®).



200 CHAPTER 7. APPLICATIONS IN COMPUTER VISION

Multiple synthetic experiments are conducted: in the beginning,,a cloud ofN
Gaussian distributed points fx%..., g with a standard deviation of = 2 and a bias
of (7;0;0) is generated directly in front of the camera. Given the ground truth
motor, denoted by M o, these points are displaced yielding the pointsfa,..., g :=
M K (fx%...\ @)W , which are intended to represent the object model. A set oN
3£ 3-covariance matricesf 8 ,r,; 8r,r,; 111 8140 IS generated at random so as to
account for image noise. None of those introduces an uncertainty parallel to the
optical axis (the uncertainty that is to be attributed to the image points is always
bounded to the image plane).

For each experimental run the following procedure applied: for eachx 1. -
N, the corresponding &, is used to generate a Gaussian distributed error vector
i 2 3, which is in turn used to translate xo SO as to obtain the (noisy) point
K(x0+ fi). The associated covariance matrix §x Is evaluated by means of
the elucidations in section 6.2.1. Next the projection raysf B , .., g passing through
the 3D-point cloud fx .. g are calculatec® via Bj = (e” e, Xj)| , where error
propagation must again be obeyed when evaluating the covariance matricdsg p,p, ;

8pabs 1105 8byby9 Y2 ®°. Hence the best motorM is estimated, which s the
fa,..y g to the corresponding uncertainfB ;..,, 9. Notice that the ground truth
motor M ¢ is not necessarily the optimal solution for a single run.

Each experiment - involving 100 runs withN = 15 points - is characterized by three
values: the rotation angle of M o, denoted ! , the angle between the rotation axis
and the optical axis, denotedA, and the noise level being the arithmetic mean
of the setfk £k;...,y 0.

Three motors are compared: the motorM o (TRUE) and the motor estimated by
the GH-method (GH). This time no SVD-motor is available to serve as an initial
estimate. Hence the geometric method (GEM) as introduced in chapter 4 represents
the third motor, which at the same time plays the role of the initial estimate for the
GH-method. The quality of an estimated motor, here denoted byM , is assessed by
applying it to the actual problem setup, i.e. by transforming the modelfa,..,, ginto
the point set fB,..,, g := M fa,., g¥ . Next the distances between thefb,..,, g
and their respective projection raysfB ;.. g is calculated, for example with the
help of equation (3.55). TheN distances of every single run are averaged, whence
the RMS distance over all 100 runs, denoted byt , is computed. The standard
deviation is given by %

Angle ! 10° | 40F | 70 | 100F

TRUE |[0.2230.230/0.229/0.226
Method GEM |/0.229/0.237|0.235/0.230
GH {0.215/0.219/0.215/0.213

Table 7.2: Pose estimation: meang for varying rotation angles (*, = 0:2).

®Image plane and image points are thus only “ctive entities in this experiment.
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TRUE GEM GH
Ly 1 Ya 1 Ya ! Ya
0.200]0.227 0.0370.233 0.0450.215 0.04¢
0.283||0.320 0.0510.330 0.0660.304 0.055
0.416||0.470 0.0740.476 0.0950.441 0.081

Table 7.3: Pose estimation accuracy for the GH-method (GH), the geometric
method (GEM) and the ground truth (TRUE) for varying noise levels 1.

The results of the pose estimation experiments are presented in table 7.2 and table
7.3, respectively. As there was no recognizable di®erence in the results when varying
angle A between 2 and 50", it is refrained from breaking down the results in this
regard.

It can be seen that the overall 't quality of the GH-method consistently improves
the results provided by the geometric approach. The results are even better than
those of the true motor, which are supposed to be superior if the number of ob-
servations tends to in nity ( M o will then, on average, optimally t the model).
Besides, table 7.3 shows that the standard deviation is smaller compared to the
input obtained from the geometric method.

In the next chapter, the parameter estimation by means of the GH-method is
adapted to the more complex case of a perspective pose estimation using a cata-
dioptric omnidirectional vision system that provides 360*-panoramic images.
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Chapter 8

Applications in Omnidirectional
Vision

Here a sophisticated application of the parameter estimation from uncertain data
is presented. It shows even stronger geometric streaks than the problems presented
in previous sections.

It is “rst sketched what is meant when talking about omnidirectional vision: single-
viewpoint catadioptric ! vision sensors combine a conventional camera with one or
two mirrors and provide a horizontally panoramic view of 360F (! “omnidirec-
tional'). The vertical direction of the view does typically subtend an angle notably
fewer than the theoretical maximum of 18G.

The imaging system used in this thesis is a so-called folded system as the objective
consists of two parabolic mirrors and one lens to provide a scaled ideally ortho-
graphic projection from the main mirror, see gure 8.1. The objective represents
the actual catadioptric system because it is mounted directly in front of the CCD
chip of the camera (no additional lens). In the present case, the modeRemote
Reality Netvision 360 is employed. Its vertical view comprises ca. 5. Gen-
erally, a con guration involving parabolic mirrors may be termed a paracatadioptric
(‘parabolic catadioptric’) system.

Folded vision systems may, according to the work of Nayar et al [84], equivalently be
treated as a single-mirror device. This simpli es matters substantially since solely
a parabolic mirror needs to be modeled. Note that, henceforth, a single-viewpoint
zero-lens catadioptric vision system with one parabolic mirror is considered.

Pose estimation certainly is a well-studied subject [4, 101, 105, 103, 58] but not
in case of an omnidirectional vision sensor. The objective in the rst parts of the
current chapter is thus to develop an accurate pose estimation for omnidirectional
vision, given imprecise image features, i.e. 2D-sensory data. Two approaches are
presented: the rst one again uses point-line correspondences, like in the previous

1The term “catadioptric' is a compound made up of ‘catoptrics' and “dioptrics'. The words
denote the sciences dealing with image formation by means of mirrors (re°ecting elements) and
lenses (refracting elements), respectively.

203
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sections, while the second one associates object lines with the corresponding pro-
jection planes. Hence the object model consists of lines connecting points, rather
than the points themselves.

Fig. 8.1: Paracatadioptric imaging systent

Comparable to triangulation, the accuracy of an estimated pose likewise improves
if the known landmarks are perceived at angles being as di®erent as possible. But
the most signi cant advantage of omnidirectional vision in view of pose estimation
is related to navigation: the objects remain on the image plane under most camera
movements. This alleviates issues like tracking or 3D-reconstruction.

In the last part of this chapter it is dealt with the epipolar geometry between two
omnidirectional images, a prerequisite for 3D-reconstruction. Initially, a geometric
modeling with CGA provides certain conditions that express pose relationships be-
tween two omnidirectional images of (approximately) the same scene. As a result,
the familiar and approved combination of geometric algebra and the Gauss-Helmert
method can be applied to estimate the RBM describing the related camera move-
ment. Observing that this is equivalent to a description of the epipolar geometry
by means of the essential/fundamental matrix, nally gives access to methods for
solving the correspondence problem and for reconstructing the whole 3D-scene. Es-
pecially the connection between the essential/fundamental matrix and the motor
interrelating the two respective 3D-scenes is of importance in this last part.

The following preliminaries on omnidirectional imaging at the same time demon-
strate the advantages of representing geometric problems within the framework of
conformal geometric algebra.

2For the purpose of the red dot on top of the device see section 8.4.5.
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8.1 Omnidirectional Imaging

Omnidirectional imaging subsumes a large variety of imaging techniques; a rotating
camera, for instance, may as well be called an omnidirectional imaging system. A
detailed survey can be found in [123]. The subsequent explanations solely refer
to a parabolic catadioptric vision system. Moreover, a single-viewpoint system,
where all incident rays of light intersect at one point (the e®ective pinhole [114]),
is considered. The advantage over a multiple viewpoint system is that geometri-
cally correct perspective images may be calculated (‘unwarping'’) from the acquired
images [7], whence a multiplicity of customary and ready-to-use algorithms, de-
signed for the pinhole camera model, become applicable. Discussions on multiple
viewpoint systems can be found in [114, 110, 20, 113, 29].

Sample images can be seen in gure 8.15 or 8.19. Unwarped images are depicted
in gure 8.13. Next the actual imaging process is being described.

Consider a cameraK , focused at in nity, which looks upward at a coaxial parabolic
mirror/re°ector M. A cross-section of this setup, including the incident ray of light
R, is shown on the left of gure 8.2.

VA
M M
B
N R
R
A
18

Fig. 8.2: Left: catadioptric vision sensor (cameraK + parabolic mirror M). Right:
mapping of the world point Py, ! the image planesYy and ¥ are identical.

For illustrative purposes, all rays of light except those emitted from the world point
Pw, see gure 8.2, are disregarded. Besides the rays causing image blur, only one
ray of light is involved in the image formation: it suxces to look at the ray of light
that would pass through the focal point® F of the parabolic mirror M . These rays
are the projection rays. The one fromPy,, i.e. R, is re°ected in M to a ray of light
parallel to the central/optical axis of M and gives point p, on image plane¥p. A
camera placed beneath the mirror, focused at in nity, thus generates a sharp image
on Y. For catadioptric image formation, including a discussion on the defocus
blur, refer to [7, 8, 10].

3The e®ective pinhole
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Introducing the sphere S, centered at F with radius twice the focal length f, an
elementary alternative to the above imaging scheme arises, cf. [48, 47]. On inter-
secting all projection rays with S an omnidirectional perspective image is formed
on the sphere. Note that a stereographic projection regarding the North poléN on

S vyields a plane version of the image orS on ¥4, see gure 8.2. HenceP,, maps
to Ps and further to p1. The point is that the image obtained on Y4 is identical
to that on Y. The equivalence between the orthogonal projection from a parabola
and the stereographic projection is geometrically established in [91], page 13. The
paraboloid is thus of no use any more and can be discarded.

To internalize the new imaging scheme solely in terms of the projection spher&
and the image plane¥y it is useful to look at gure 8.3. It shows two 3D-views
of the same scene: a lind (and a point on it) is mapped to the image plane
Y. By means of gure 8.2 it is intuitively clear that in nitely extended lines form
great circles onS. Moreover, a subsequent stereographic projection té4 being a
conformal mapping, must result in circles. A special case is a (vertical) line parallel
to the optical axis, which is mapped to line on the image as well. The reason is that
the respective circle onS contains the North pole N , which represents (the point
at) in nity. The stereographic projection to % is therefore a circle with in nite
radius passing throughF . This example makes clear that the resultant circles on
Y are not concentric in general.

Fig. 8.3: Two views of the mapping of lineL to L, via great circleLs on S. The
mapping of a sample point onL to the corresponding point onL v, is shown as well.

The relevance of the new mapping scheme in context of conformal geometric algebra
is immediately disclosed when noting that the stereographic projection can also be
done in terms of an inversion. The necessary inversion sphere, denoted By 2 41,

is centered at the North Pole N of S. For the scenario of gure 8.2, it can easily
be verify that the radius r; of S| must be

o= D ors; (8.1)

where rs denotes the radius of the projection sphereS. Using CGA the mapping
between the pointspi;Ps 2 %! may simply be expressed as

Ps = Sip1S 2 %% (8.2)
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Note that, given an image point, the corresponding projection ray may e®ortlessly
be calculated byR = (e F » (S, p1S)))! .

Other approaches connecting CGA with omnidirectional vision are rare, but see for
example [96, 99, 116, 80, 11].

8.2 Pose Estimation

Due to its large eld of view, omnidirectional vision is highly bene cial for robot
navigation and thus for pose estimation.

The advantages emerging from omnidirectional vision are recognized; the amount of
research on the subjects in this "eld is increasing. Approaches based on (single cam-
era) stereo matching or motion estimation can be found in [81, 117, 52, 71]. Methods
dealing with pose estimation or localization, mostly related to robot navigation, are
presented in [15, 30, 87]. Navigation involving a generation of a topology map is
investigated in [53, 38]. The latter analyzes eigenimages obtained from a multi-
viewpoint spherical mirror system. A multi-camera localization technique based on
the estimation of con gurations between robot soccer players, each equipped with
one sensor, is proposed in [83]. In this context the popular "'RoboCup' competition
must be mentioned.

Now two di®erent approaches are being presented concurrently. Both of which
exploit the approved combination of the Gauss-Helmert method and the conformal
geometric algebra. Both approaches rely on the concise principle of 2D-3D pose
estimation “to rigidly move the object model in 3D such that it comes into agreement
with the 2D-sensory data of the camera’. However, while the rst technique tries to

"t a point model to projection rays [44], the second one tries to 't a line model to
projection planes [45, 109]. Itis referred to them as the point-line and the line-plane
method/version, respectively.

8.2.1 The General Omnidirectional Approach

First of all, note that once the projection rays are computed, the further proceeding
is identical to that in ordinary pose estimation assuming the pinhole camera model.
To illustrate the whole pose estimation process consider gure 8.4. It is suitable
to describe both versions: three image points constitute the triangle-liké imaged
object Ty, which is stereographically back-projected toTs on S. In conjunction
with the focal point F, the projection rays or planes, respectively, can be calculated.
The correct RBM then moves the model triangle T°so that either the model points
come to lie on the corresponding projection rays or the model lines come to lie on
the corresponding projection planes.

4In the "gure, Ty and Ts are drawn as triangles, although their sides are supposed to be arcs
rather than lines.
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Fig. 8.4: P3P: the omnidirectional analogue of gure 4.3.

Parameters

Typical quantities to consider are radial distortion, skew and aspect ratio of the
sensor, focal lengthf and the image center m, where the optical axis intersects
the image plane. This equally holds for a parabolic catadioptric vision system, as
in the present case. Skew and aspect ratio may be remedied beforehand as shown
in [47]; it is, for example, possible to constrain the outer boundary of the mirror
as it appears in the image, see the left side of gure 8.6, to be circular. Radial
distortion [18, 32] is not taken into account at all. The related e®ects can, however,
be corrected by the methods introduced in [99, 75]. Of speci c interest are therefore
the three values

2 the focal length® f , measured in pixel
2 the coordinates of the image centem 2 2.

It is crucial to note that on using the inversion based imaging (not as in illustration
8.5), the image center and the focal point do necessarily coincide, i.em = F =
e,. Recall that the focal length f is connected to the radiusrs of the projection
sphereS by the relationship, cf. [48],

rs = 2f: (8.3)

In order to determine the image centerm, the center of the inner or outer boundary
of the iris-like omnidirectional image, see gure 8.6, can be estimated. If, as in the
experimental part of the current pose estimation section, the focal length is only
known in terms of a metric unit, e.g. mmit must be converted to pixel . For this
purpose, the radiusry of the mirror, if known, can be related to the outer radius
rq of the iris, see gure 8.5. Hence,

'™

Both values, m and rq, are estimated by tting circles to the iris by means of the
direct technique described in section 5.2.6. A good survey of other circle estimation

>The combined focal length of the mirror and the lens
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Fig. 8.5: The parameters used to describe the omnidirectional sensor.

methods can be found in [1]. Note that the contour§ of monochrome iris images,
as shown on the left side of gure 8.6, are used for the circle estimation. A similar
methodology is used in [26] for calibration. The monochrome images are obtained
after using a rank “Tter [59], thresholding and applying a morphologic operator
(closing). If a sequence of images is available the pixel-wise maximum is built
beforehand.

Fig. 8.6: Left/middle: the severe problems on determining parameters as the outer
radius rq or the image centerm 2 2, see “gure 8.5. Right: non-uniform imaging
resolution (the objective is wrapped up in graph paper). The blue and the red area
do both cover a grid of size £ 4 on the graph paper.

The above three parameters can self-evidently be determined through calibrating.
This is detailed in section 8.3.

Point-Line

Let the object model be given by the pointsfa,.., 9. The uncertain observations
fb,..y g are the embedded image points from which the projections rays are to
be computed. Henceb; = KBy 2 2),i2 [L;N], where the ;.. g denote the
underlying pixel coordinates given with respect to the coordinate system centered
at m. The respective pixel uncertainties are assumed to be be independent and

®In practice, the contours are highly in°uenced by the incident light as demonstrated on the
right of "gure 8.6.
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identically distributed (i.i.d.). Moreover, each associated covariance matrix reads

n #
10
§ pixel = 0 1 : (8.5)

This is possible, as stated on page 157, since the overall scale of the covariance
matrices has no impact on the estimation. Note that these i.i.d. uncertainties are
transformed by means of error propagation which eventually gives distinct uncer-
tainties that appropriately account for the imaging geometry. The mapping of a far
image point to a point close to the North Pole on S, for example, is less a®ected
by noise and will thus inhere with a higher con dence, i.e. smaller variance.

Error propagation is employed three times:

1. The image points are embedded into conformal space, see section 6.2.1
B7ob

2. An inversion in S, is carried out
bi, 7i! bfZ: S|biS|

3. The projection rays are built
b 74 Bi:=(e”F " bl

Consequently, a new situation is present in which the model pointsfa,.., g are
to be tted to the newly computed projection rays fB ;.. 9. Their uncertainty is
captured by the covariance matricesf 8 p,p,; 8b,b,5 11 Sbybyd ¥2  °£8. Hence a
scenario identical to the one derived in section 7.3 is obtained. It is proceeded with
the estimation in concordance to the elucidations on page 199.

Line-Plane

Let the object model be given by the line fA ;.. g, and let the uncertain obser-
vations be sets of image points, denoted byf B,..., 9.y 9 %2 2,1- i- N, with
uncertainties (8.5), as before. Each set®,... g contains N; points from the circular
arc on the image plane that represents the pfrojection of the ™ world line. After an
embedding the pointsff b;..\ 0.y 9 ¥2 41 including propagated uncertainties,
are obtained. ’

In order to perform the line-plane tting, arti cial plane observations have to be
derived from the point observations. Given a set of image points b, ...\ g, there are
basically two possibilities: the circle passing through the image points is estimated
and then brought® to the projection sphere S or the great circle passing through
the points on S is estimated after the points were brought to S. In each case, the
sought projection plane is the plane containing the great circle. Here it is opted for

"IPNS lines (bivectors)
8All entities on the image plane may be back-projected in the same way, i.e. by an inversion in
S.
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the second alternative since estimating a great circle (passes through the centér
of the sphere) involves solely two unknowns describing the orientation of the great
circle. In [118], for example, the authors tackle the former problem of localizing
projected lines on the image plane from uncalibrated paracatadioptric views. In
[10] a model for the general central catadioptric line imaging is presented.

The estimation of the projection planes, denoted byfB ;.. g, is now being out-
lined. It can be done in very much the same way as the circle estimation described
in section 7.1. The planes could, in theory, be extracted from estimated circles
via relationship (3.46). Nevertheless, a separate GH-estimation for planes is more
sensible: each plane is parameterized by three values giving the orientatiory; :=
©(B)) 2 3. The redundancy of one can be remedied by means of the H-constraint
bTbi = 1. Let the stereographically back-projected points f b,..y, 90N S be denoted
by fb%..y, 9. Hence every pointb®, 1 - j - N;, gives one G-conditionb?¢B; = 0.
As before, the GH-method can be started from an initial SVD estimate. Note that
every run yields a covariance matrix 8, 2 33, too, which in turn serves as
input for the "nal pose estimation. N

The actual estimation scenario is given by the model lined A ;.. g and the pro-
jection planesfB ;.. g with associated uncertaintiesf 8 ,p,; 8b,b,; :::; 8bybyd ¥2

3£3_ A G-condition expressing the incidence of line and plane must set up. Clearly,
if an IPNS line L lies on an IPNS planeP , a suitable planeP °can be determined
such that the line may be expressed ag& = P ~ P2 Hence the outer product of
line and plane, in this case P * P9 ~ P, vanishes unless the line protrudes from
the plane. By means of the dual operation, particularly by equation (2.52), an
equivalent inner product expression can be “gured out. The resultant condition for
the line-plane pose estimation looks familiar

MA ¥ ¢B; = 0; i2[LN]: (8.6)

This is, in principle, again the same condition equation as the one given in section
7.3. The tensor for building the dual of thef A ;... g does not necessarily need to be
used; it may equally be assumed thaf A*, ..., g (3-blades) is given from the outset.
Hence choosing ©&F) == a2 5 ©Bj) = b2 3and©M):=p2 B8 the
expressions of section 7.3 can be reused. Typically, the inner product of an OPNS
line with a plane gives a bivector with seven non-zero components, with solely four
of them being distinct from one another. However, a random multivector, created
only in accordance with the structural RBM mask (7.4), can, if used in equation
(8.6), produce all ten basis blades of grade two. Although it would not do any harm
to utilize all ten conditions, i.e. gi(b;;p) 2 10 it is refrained from doing so because
the H-constraint (7.7) is already in use. Thus unlike condition (7.8) on page 199,
it is

g(b;p) 2 4 and | p AEBEBEGED.
Note that four conditions are used since three of the seven conditions are structure-
related linearly dependent. Di®erentiating with respect top and b; implies

Ub)2 “8 and V(p2 *3

respectively.
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8.2.2 Initial Estimates

In case of the point-line method simply the approved geometric technique intro-
duced in chapter 4, which is also used in section 7.3 to provide the initial estimate,
is employed.

The initial estimate for the line-plane estimation can be provided at very low costs.
Moreover, it shortens the overall computation time. The aim is to rotate the model
such that the unit direction vectors, denoted by ..., g, of the lines come to lie on
the respective projection planes. Let the normal vectors of the planes be given by
ff,.., 9. Hence pre-aligning the model means "nding a rotation matrixR2 33
such that

(8i): ARG = O

By Rodrigues's formula (3.65), it is known that the matrix R describing a rotation
through angle p about a xed axis, given by a unit normal vector 4 = [a; ap; ag],
can be calculated by

2
R = exp(kA) 0ia &
A:=4%a 0 ja:
= I3+sin pA+ (1 j cosp)A?; iaca O

For small angles,
R Y I3+ pA

can be used as a good approximation. With this relationship and due to the skew
symmetric structure of A%:= pA, it is possible to solve fora® = [ pay; pap; pag]: each
correspondence pair fy;; ﬁi) gives one row

ﬁir Aoai = ﬁir 61
vec@n’)"vec®d = i A’ G
(Giafiz i Giofiz) @ + (Giafia i Chafia) @3+ (Ciofin i Giafi)ad = i A7 G

of an overdetermined system of linear equations. Using the solutior® a st ap-
proximation R of R can be computed. After transforming the lines by means
of R, the method can be reapplied. Any such succeeding iteration yields a new
rotation until the procedure is stopped because the lines were close enough to the
planes. It can be inferred that after t iterations

R v, RlU:::RERM:

The convergence of this method is analyzed in [102] with the result that very few
(below "ve) iterations are necessary to maintain a high accuracy, even if the amount
of rotation is nearly 180* (and despite assuming small angles). What makes this
technique so e®ective is the detour via the Lie algebrao(3) instead of directly
searching the Lie groupSO(3), which comprisesR, see section 4.6.
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8.2.3 Experiments

The experiments presented here are throughout real world experiments. For both
methods no rigorous calibration was carried out. The only thing that was done was
to determine the focal length and the image center from the outline of the iris-like
image as described on page 208. For equation (8.4) the mirror radius, = 40 mm
and the focal length f yn= 16:7 mm were used as intrinsic parameters. Note that
these values come directly from the manufacturer.

Throughout all experiments, observations were taken from the sensory data by
hand. The reason is a lack of suxciently robust and accurate automatic methods
coping with sensitivity regarding lighting conditions, “curvy' mappings of straight
lines, especially for loosely calibrated systems, and the related non-uniform imaging
resolution, which decreases towards the image center as demonstrated on the right
side of gure 8.6. Another issue is the correspondence problem, see item 2 of
the general pose estimation assumptions on page 136, which is likely the biggest
challenge in pose estimation. A human observer can, under these circumstances and
with some e®ort, ensure that the underlying assumptions are not violated. Thus
assessing the method as such, i.e. its consistency, is possible.

Point-Line

Two experiments were conducted using &ony DxC-151ARamera with a resolution
of 768£ 576 pixels.

In the rst set of experiments, a pose estimation with re-

spect to a model house was done. Tags were attached to

the house at certain positions so as to allow for a smooth 2 .
feature point retrieval from the omnidirectional pictures; = ¢|
each tag re°ects one vertex in the known house model. G Py
The image coordinates corresponding to these points of o
interest were extracted manually. One illustrative view

of the model house and all visible feature points, as ex-

tracted, is depicted on the left side of gure 8.8 (showing Fig. 8.7: Camera, but
only the relevant part of the sensed image). The house with pinhole objective
dimensions in cm are approximately 2E 15£ 21.

Two sequences were conducted, one with 3bcm (A) and one with 52:4cm (B)
orthogonal distance between the house and the optical axis of the sensor. In order
to simplify the acquisition of ground truths the rotation plane was perpendicular
to the optical axis. The house was rotated in 16 steps from 63 down to 0*. The
respective errors relative to the 66-rotation were measured.

The results are listed in table 8.1. Note that the house appears °at in the 6-image,

i.e. the usable 3D-model points are nearly coplanar such that the estimation result
is a®ected. The mean error in the rotation was B5° and the mean error in the

planar distance was 343cm. The estimated height of the sensor relative to the
house was 25 8§ 0:4cm, which is within the measurement error of ground truth

27:558 0:4cm.



214 CHAPTER 8. APPLICATIONS IN OMNIDIRECTIONAL VISION

Fig. 8.8: Examples: the model house (left) and the room navigation (right) exper-
iment. Model points and markers are graphically highlighted.

Rotation Abs. error angle Abs. error distance
[*] A 7] B[] A [cm] B [cm]
50 to 60 2.8 0.4 0.65 0.10
40 to 60 2.6 0.2 0.40 0.30
30 to 60 1.3 0.5 0.54 0.33
20 to 60 0.3 0.8 0.70 0.04
10 to 60 0.7 6.4 0.90 1.12
0 to 60 3.0 6.3 3.90 1.20

Table 8.1: Results of the pose estimation w.r.t. the model house.

In the second set of experiments, the sensor was moved to six positions inside a
5:3£ 2:2m? room. The room model, as indicated by white crosses on the right side
of gure 8.8, was de ned by four pairs of markers, each vertically aligned. In each
of the six positions, the sensor was rotated by € 30* and 70°. The results are
illustrated in gure 8.9.

The error regarding the planar distances to the ground truth positions was 2458
1:74cm. The estimated height of the sensor has an error of.228 1:0cm. These are
comparable results to those given by Aliaga [2]; there the authors obtained an av-
erage planar error of 28 cm within a room of comparable dimension. Nevertheless,
Aliaga made a thorough calibration and used a high-precision 3-CCD chip camera
with a superior resolution of 136@& 1024 pixels, which is almost twice the resolution
of the Sony camera. Cauchois et el [17] obtained as good results as here taking the
room size into account, which was noticeably smaller. Further sensible comparisons
are dixcult due to varying circumstances or missing data in the publications.

In addition to the large movements, the accuracy of estimating smaller displace-
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Fig. 8.9: Pose estimation for room navigation. Units in meters.

ments and rotations was studied separately, with the sensor being in the center of
the room. The sensor was moved along a line in steps of 1, 5 and 10 cm. This gave
a mean error of 05cm. The error did not depend on the length of the translation.

In addition, the camera was rotated in steps of 5, from a starting position 0* to
90*. The mean error in the rotation estimation was G:4*.

Line-plane

Just like for the point-line method, the aim is to show the goodness of the line-
plane variant by conducting navigation and pose estimation experiments. In this
case aKamerawerk Dresden Loglux i5 camera was used. The whole sensor is
depicted in gure 8.1. Omnidirectional images were acquired with a resolution of
1280£ 1024 pixels. Here the focus is on line observations, i.e. imaged 3D-lines;
these were extracted by selecting seven points per line. After that the arti cial
plane observations were built.

Abs. error [mm]|Rel. error [%]|Angle error [*]
mean 10.4 3.5 0.9
std 4.8 1.7 0.4
min 0.9 0.4 0.12
max 21.3 11.5 2.4

Table 8.2: The errors of the house pose estimation.

In the rst experiment, a model house was moved with a robot arm to 21 dif-
ferent positions. The robot arm gives ground truth of the positions, and thus of
the translations between di®erent positions, with millimeter accuracy. The magni-
tude of these motions was between :7 cm and 624 cm, and the distance between
the model house and the optical center of the catadioptric sensor ranged between
31:4cm and 828 cm. For each of the 21 acquired images, a line-plane pose estima-
tion w.r.t. the model house was done. Note that this time the house model is given
by means of lines connecting the tags (see the point-line part). The estimates are
then used to compute intermediate RBMs between pairs of ts so as to mimic the
robot motions. The results are given in table 8.2.
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Fig. 8.10: The 3D-line model (right) of the entrance hall was built from point
measurements (red dots, left) using a laser device. The blue dots in the right image
indicate the 25 sensor positions.

Fig. 8.11: Left: the picture shows a set of imaged world lines as they occurred in
the hall experiment. Note that the radial lines (circles with in nite radius) belong
to vertical world lines, for instance, the edges of pillars. Right: A 't of average

quality.

In the second experiment, the sensor (attached on top of a tripod) was moved to
25 di®erent positions in a hallway, see gure 8.10. The model was de ned by lines
clearly visible in most of the images. The walls in the hallway were assumed to be
perpendicular to the °oor and all corners were assumed to be right angled. With
these assumptions, an accuracy of roughly 2 cm for the positions of the model lines
was obtained. The model consisted of in total 51 lines, from which on average 20
lines were visible in an image. The maximal orthogonal distance between these
lines was 181 m, the minimal distance 38 m, and the sensor movements were made
within an area of size 8£ 2m?. Two methods compete against each other: the
Gauss-Helmert (G-H) method and an ordinary least squares approach, based on
the Gauss-Markov mode? (G-M). Navigation results were computed not only for
3D but also for 2D, where the height component of the sensor was disregarded. Note
that a ground truth for the rotation information could not be determined such that

no qualitative analysis of the entire pose information can be given. Instead it is
con ned to the position information. Empirically, however, the rotational error is
supposed to be less than one degree as can be guessed from the right side of gure
8.11.

%The classical homoscedastic linear model
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The results for the navigational error are given in table 8.3. Moreover, the left side
of "gure 8.12 visualizes the individual estimation results, where “Truth' denotes the
measured ground truth positions of the sensor.

Mean error [cm]| RMS error [cm]| min [cm] | max [cm]
G-M 3D 7.6 94 3.6 32.2
G-M 2D 51 7.7 0.4 32.0
G-H 3D 6.4 6.5 2.7 8.3
G-H 2D 3.5 3.9 0.5 5.7

Table 8.3: The errors of the navigation.
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Fig. 8.12: Left: navigation results. The 3D positions are also projected to plane
for clarity. Right: focal length vs. mean error.

In addition to the pose estimation, the robustness of the two methods with respect
to changes of the focal length was tested. The results are given on the right side of
“gure 8.12. It can be seen that the GH-method always outperforms the standard
least squares approach G-M. The 2D-estimation is much less a®ected when the focal
length is varied than the 3D-variant. A reason might be that the images of vertical
world lines are invariant to changes in focal length while these, at the same time,
strongly contribute to the horizontal estimation accuracy. The best encountered
3D-result was an RMS error of 42 cm usingf mp= 16:9 mm for the GH-method and
5:8cm usingf = 16:8 mm for the opponent G-M, respectively.

For the 3D-case it is still dixcult to relate the results to those from other approaches
due to the limited number of really comparable publications. The presented 2D-
results are comparable to those given by Aliaga [2]; after calibration, the authors
obtained an average horizontal error of 28 cm within a room of 5 meters diameter.
Cauchois et el [17] reached about 1cm accuracy (2D) using an image database
method with a conical mirror and a room of size 2£ 3m?.
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8.3 Calibration

For the presentation of the epipole estimation in the next section a calibration is
inevitable. Very good papers regarding the calibration of catadioptric image sensors
are [26, 46], where the last one is probably the most known. In [10] a calibration
from only three projected lines is suggested by determining the parameters that
describe the absolute conic.

Here a method for evaluating the focal lengthf and the image centerm ;= Xgei+
yo€z in the paracatadioptric case is described. LeR;, € = cfe;+ ¢'e; andrg = 2f
denote the radius of thei ! image circle, its center and the radius of the projection
sphere, respectively. Three approaches may be distinguished

2 Reconsider gure 8.3 showing the projection of a world lineL . It also demon-
strates that the inversion of the great circleL s is the circle L+,. On the other
hand, the inversion of the plane¥, containing L, gives the sphereS. It is
natural to ask for the inversion of the plane containing the circleLs. It is
clearly a sphere incident with L1,. Moreover, the North Pole N must lie on
this sphere becausé\ symbolizes the inversion of in nity being part of every
plane. Finally, the South Pole must lie on the sphere since it is the inversion
of F. Thus by symmetry the radius of the sphere under consideration must
be equal to the radius ofLs,. BecauseN , with coordinates [Xo;Yo;rs], is a
common point of all circle-spheres, it can be seen that calibrating amounts to
the minimization of

X 3
(mi 8)>+ r§ i R?
|

2 The radii of the circles obtained after the inversion of the image circles must
be equal to the radius of the projection sphere because they are supposed to
be great circles.

2 By the same argument, the distance between the center of a great circle and
the origin (Xp; Yo) must be zero.

Using the CGA expression (3.44) for a circle, it can easily be shown that the last two
approaches both lead to the identical formula. The same formula is given by Geyer
and Daniilidis in [48], however, with another derivation. Note that a minimum of
three lines must be known to do the calibration.

8.4 Estimating Epipoles

Here the epipolar geometry between two omnidirectional images, acquired by a
moving single-viewpoint paracatadioptric vision sensor, is studied [43].

Approaches to epipolar geometry, but regarding general catadioptric vision systems,
are presented in [112, 49]. Issues related to stereo matching and motion estimation
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can be found in [81, 117, 52]. The authors of [15, 71] try to accomplish a 3D-
reconstruction from two omnidirectional views. Naturally, there is a strong overlap
between the mentioned papers as, for instance, reconstruction mostly includes the
aspect of stereo matching.

This work in particular deals with the stochastic estimation of epipoles by means
of the Gauss-Helmert method. Speci cally, conformal geometric algebra is used
to show the existence of a & 3 essential matrix, which describes the underlying
epipolar geometry. Since it can be estimated from less data, the essential matrix is
preferable to the 4£ 4 fundamental matrix, which additionally comprises the xed
intrinsic parameters. Actually, the essential matrix is used to obtain an initial
estimate for the stochastic epipole computation, which is a key aspect of this work.
Next to the stochastically optimal positions of the epipoles the method computes
the rigid body motion (RBM) between two camera positions.

8.4.1 Epipolar Geometry

Epipolar geometry is one way to model stereo vision systems. In general, epipolar
geometry considers the projection of projection rays from di®erent cameras. The
resulting image curve is called epipolar line. The projection of a focal point of
another camera is called epipole. Certainly, all epipolar lines must pass through
the epipoles. The advantage of epipolar geometry is the search space reduction when
doing stereo correspondence analysis: given a pixel in one image the corresponding
pixel (if not occluded) must be located on the respective epipolar line. This relation

is also expressed by the singular fundamental matrix¥, the quadratic form of which
attains zero in case a left-image pixel lies on the epipolar line belonging to the
right-image pixel, and vice versa. The fundamental matrix contains all geometric
information necessary, that is intrinsic and extrinsic parameters, for establishing
correspondences between two images. If the intrinsic parameters as focal length or
the optical image center are known, the so-called essential matriE describes the
imaging in terms of normalized image coordinates, cf. [27].

The Moving Sensor lllustrated

Roughly speaking, on horizontal movementA ! B, the epipole is a place in the
image taken at A where the sensor would appear after moving taB (if this was
possible). Camera movement and the position of the epipole is depicted in gure
8.13. Note that all the red-rimmed regions correspond to each other. The gure
shows the original image on the right. An unwarped 366 panoramic view is shown
on the bottom left. Finally, on the top left, the unwarped right lateral 180 * view
from the sensor is show. Its right side represents the epipole.

To understand this recall that projecting a line results in a circle in the image, see
“gure 8.3. It will be detailed later on, but epipolar “lines' are therefore circles pass-
ing through the epipole. Since all respective great circles on the projection sphere
S have to intersect in two points, the same must be true for the epipolar circles on
the image plane. Hence an epipole always has a diametrically opposite counterpart;
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when the sensor approaches an object it becomes taller - the diametrically opposite
object becomes smaller. When the senor moves, the image points move along the
epipolar circles, see gure 8.16.
Each line in the top left image of gure 8.13 is sampled from the lower half of an
epipolar circle between the epipole and its diametrically opposite counterpart. Such
recti cations are usually employed in stereo vision because any customary scan line
based stereo matching algorithm can then compute the corresponding disparities
which ultimately provide the 3D-reconstruction of a scene. Nevertheless, it must
be taken into account that only the green-rimmed area in the "gure can e®ectively
be used.

epipole

>
camera movement - ‘
A

ip0le

.
&
=

)
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)
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Fig. 8.13: On the role of the epipoles.

8.4.2 Discovering Catadioptric Stereo Vision with CGA

Now a condition for the matching of image points is formulated. This enables the
derivation of the fundamental matrix F and the essential matrix E for the parabolic
catadioptric case.

Consider the stereo setup of gure 8.14 in which the imaging of world pointP,,

is depicted. Each of the projection spheresS and S° represents the catadioptric
imaging device, but at di®erent positions. The interrelating RBM indicates the
sensor movement - from the original to the primed coordinate system. The centers
of the coordinate systems are assumed to coincide with the respective focal points,
i.e. F and F % Note that the (left) primed coordinate system is also rotated about
the vertical axis.

The two projections of P,, are X and Y° Let x and y be their corresponding
image points, given as conformal embeddingéx;yg= K(fx;¥g % 3) of the pixel
coordinates w.r.t. the image centerF . The inverse stereographic projection (from
the plane to the sphere) ofx andy yields the points X and Y , represented in the
unprimed coordinate system. In order to do stereo, considerations must involve the
RBM, which is denoted by M . Hence one can write

YoO= MY W :
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Fig. 8.14: Omnidirectional stereo vision: the projection of rayLx (Lyo) is the
great circle Cyo (Cx). The 3D-epipole E (EY is the projection of the focal point
F °(F) onto the sphereS (S9.

S%= Ms 1 and F°= MF W1 , etc.

World point P,, has two projection rays,L x and L yo. Each ray may be projected
to the opposite projection sphere. The projection ofL x on S° for example, gives
the circle Cvo including Y ©. This motivates the underlying epipolar geometry since
all these great circles must pass through the pointE® being the projection of F .
This must be the case because independent ¢, all triangles FPF © have the
line connecting F and F 9 called baseline, in common. Subsequently it is referred
to the 3D-points E and E° as 3D-epipoles Note that a 3D-epipole does not need
to lie on the image plane; a tilted sensor lets the 3D-epipoles wander o® the image
plane.

Intelligibly, the two projection rays L x and L vointersect if the four points F ¢ Y ¢ X
and F are coplanar. This condition is now being expressed in terms of CGA. The
outer product of four conformal points, sayai;a»;as and ag, results in the sphere
Ka = a1 ax” az” a4 comprising the points. If these are coplanar the sphere
degenerates to the special sphere with in nite radius - which is a plane. Recall from
section 3.3 that a plane lacks thee,-component in contrast to a sphere. The expla-
nation is that the e,-component carries the value € i &) (&g 1) " (&ui &)
which amounts to the triple product (utilizing the vector cross product)

(i &) ¢((esi &)E (Bui 81));

wherea; = K(g 2 3),1 - i - 4. The condition must therefore ensure the
e2-component? to be zero, i.e.

. ¢ a
G=FAXAFRNYO= (FAX)A M FAY @ £ 0: (8.7)

Using the abbreviations X = F* X andY = F ~ Y the upper formula reads
G=X~" MY_N/I £ 0. Now the tensor representation as introduced in section

19The component dual to e,-component (denoted eJ) must be zero as the outer product repre-
sentation is dual to the sphere representation given in section 3.3.
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6.1 can be exploited such that every pair of correspondence pointx;y) yields the
G-condition B

g'(pxy) = X< O (p" Gy Goap R p°); (8.8)
where ©G) = g, ©(X) = X, ©(Y) = yand ©M ) = p. As usual, the product
tensorsO, G and R denote the outer product, the geometric product and the reverse,
respectively. Likewise, for the motor M the familiar parameterization p 2 8 is
chosen.
Note that only a particular index t = ti, that is the one indexing to the e2-
component of the result, has to be taken into account. After settingF = e it
can be shown thatx and y in fact denote the Euclidean 3D-coordinates on the
projection spheres, i.e.x;y 2 3. Considering the motor p as constant, the bilinear
form

gxy) = XEqy 2
with .
Eq = O"«p G Gap R® p°
is obtained. The condition is linear in X and linear in Y as expected by the
bilinearity of the geometric product. Its succinct matrix notation is

X'Ey =0; (8.9)

where E 2 33 denotes the essential matrix of the epipolar geometry. No proof
is given, but it is mentioned that equation (8.9), which ultimately re°ects a triple
product, is zero if and only if there is coplanarity between the four pointsF ¢ Y ¢ X
and F. Next, if setting Y= E%or X = E one getsEy = 0 and xX'E = 0,
respectively. Otherwise, sayEy = n 2 3 an X can be chosen such that the
corresponding x is not orthogonal to n, whencex'Ey 6 0. This would imply
that the points F%E®F and the chosenX are not coplanar, which must be a
contradiction since F ¢ E?and F are already collinear. Hence the 3D-epipoles re°ect
the left and right null space of E, and it can be inferred that the rank of E can be
at most two.

BecauseE does solely depend on the motoM , which embodies the extrinsic pa-
rameters, it can not be a fundamental matrix, which must include the intrinsic
parameters as well. Fortunately, the previous derivations can easily be extended
to obtain the fundamental matrix F. Recall the image pointsx and y. They are
related to X and Y in terms of a stereographic projection. As already stated in
section 8.1, a stereographic projection is equal to an inversion in a certain sphere,
but inversion is the most fundamental operation in CGA. In accordance with gure
8.2 it can be usedX = S;xS,. Note that the inversion sphere S, depends on the
focal length of the parabolic mirror. In this way equation (8.7) becomes

G = FA(SxS)"Fo (S,y%,) & o:

In addition, the image center (speci cally, the coordinates of the pixel where the op-
tical axis hits the image plane) can be included by introducing a suitable translator
Tc. HenceS; would have to be replaced by the compound operato? := S, T¢

G=FAr@ZxB)AEOA(zy%®) & o (8.10)
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However, equation (8.10) is still linear in the pointsx and y. It is refrained from
specifying the corresponding tensor representation or the fundamental matrix, re-
spectively. Instead a connection to the work of Geyer and Daniilidis [50] is shown.
They have derived a catadioptric fundamental matrix of dimension 4£ 4 for what
they call lifted image points. These entities live in the 4D-Minkowski space (the
fourth basis vector squares toj 1). The lifting raises an image point, sayw :=
[u;v]", onto a unit sphere, centered at the origin, such that the lifted pointw 2 31
is collinear with w and the North Pole N of the sphere. Thus the lifting corresponds
to a stereographic projection. The lifting of w is de ned as

w = [2u;2v;u?+ V2§ Lul+ v+ (8.11)

Compare the conformal embeddingw = K(w) = ue; + ves + %(u2 +v)e+1 e
in the e ey-coordinate system (© discards theez-coordinate as it is zero)

ow) =[u;v; 3(u?+ v?);1]" :

It can be switched back to the e, e; -coordinate system of the conformal space by
means of the linear (basis) transformationL 2 £

2 3
100 O
L : 01001 :
001j3
001+1
2 32 3 2 3
1 00 O u u
L ow) = 010 O v _ v
00113 3(u? + v2?) T(uZ+v2j 1)
0 0 1 +3 1 2(u2+ v2+1)

The lifting in equation (8.11) is therefore identical to the conformal embedding
up to the scalar factor 2. At “rst, this implies that w = 2L ©(w) = 2L ©(K(w)).
Second, ifF 2 44 denotes a fundamental matrix for lifted points then, by analogy,
F =4 LTFL is the fundamental matrix that would be obtained from equation (8.10).

8.4.3 Pre-Estimating Epipoles

The results of the previous section are now applied to the epipole estimation. The
essential matrix E is used to estimate the epipoles for two reasons. First, the
intrinsic parameters do not change while the imaging device moves; one initial
calibration is enough. Second, the rank-2 essential matrix is only of dimension
3£ 3 such that at least eight points are needed for the estimation.

Here nine pairs of corresponding image points are chosen. Then considering the
respective points on the projection sphere, the expression

X=0(e"X) 2 3 (8.12)
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is evaluated. This gives = fx,.qgand! = fy,.40, respectively. Every x-y-pair
must satisfy equation (8.9) which can be rephrased as

vec(xy')" vecE) = 0:

Recall that vec(® reshapes a matrix into a column vector. Hence the best least-
squares approximation of vecE) is the right-singular vector to the smallest singular
value of the matrix consisting of the row vectors vecﬁggiT)T, 1-i- 9. LetE bethe

so estimated essential matrix. The left- and right-singular vectors to the smallest
singular value of El are then the sought approximations to the 3D-epipoles, as
described above. The epipoles then serve as a rst guess for the stochastic epipole
estimation explained in the following section.

8.4.4 Stochastic Epipole Estimation

Now it is being detailed how the GH-method can be invoked. The role of the
previously derived initial estimates in the actual stochastic estimation will thereby

become evident, too.

Estimating the epipoles is simply done by estimating the motorM , parameterized

by p 2 " 8 knowing M the directions to the 3D-epipoles can be extracted from
the points MF M1 and MFM , respectively, as can be inferred from Tgure 8.14.
The former point, for instance, equaIsFO.

As input data all N pairs of corresponding points are used, i.e. = fx;.., g and
' = fy,..y 0. The sets are computed by means of equation (8.12). An observation
is a pair (X, Xi)' 1- i- N. Note that internally the compound observation vector

b =[xyl 2 " 8 is used. The related uncertainties! can be computed either by

equation (8.12) or more directly by equation (8.11), where independence of and
y, is assumed, i.e.

Sop, = 4 §3Xi O 5 pnes 1L

The functional model, derived from geometric considerations, is self-evidently given
by equation (8.8) for t = ti. Hence the G-constraint is

gPxiy) = P'p° Xy Ok G GaR%  1-i-N; (8.13)

Di®erentiating with respect to b, and p yields the required matricesV and U,
respectively. Again, the standard H-constraint (7.7) can be used. But additionally
it has to be constrained that M does not converge to the identity elementM = 1.
Otherwise, the condition equation (8.7) would becomeG = F ~ X * F M Y being
zero at all times. This is achieved by constraining thee-component ofF °= MF L7

" The distribution of the acquired pixel coordinates is assumed to be i.i.d., as usual.
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F = e, to be 05. Thus the distance d betweenF and F % is set to oné?. The
needed conformal geometric algebra expression is simply
D
& = | 2e,¢(M eolll)

if M was an outright motor. In the iterative estimation processM must e®ectively
be considered a general multivector with structural restrictions imposed by the
RBM mask (7.4). Using the matrix representation of CGA, as outlined in chapter
6, a motor p= ©( M ) has the structure

P11+ pP7 i Pai Ps Ps+ Ps i P2+ Pe i p7 Ps i Ps ipe3
Pa + Ps p1+ p7 P2i Pe ps + Ps i Ps i p7 Ps i Ps
iP3*+Ps iP2i Pe P1i Pz Pai Ps i Ps Pe p7 Ps
M P2+ pPs i P3st Ps j Past Ps Pri p7 i Ps i Ps i Ps p7
p7 i Ps Ps Ps P1i P7 i Pat Ps P3i Ps i P2i Pe
Ps p7 i Pe Ps Pai Ps Pri Pz P2 + Pe P3i Ps
Ps i Pe i p7 iPs iPsi Ps iP2+Ps P2+t pP7r  Pat Ps
Pe Ps Ps i Pz P2i Ps i P3i Ps iPasi Ps p1 + p7

This makes it possible to derive the constraint via simple matrix calculations. Since,
in the present case,M el can only give vector and 5-vector components, the
anti-commutator can be used to expand the inner product as

Q = j2e,¢(M eJ/I) = j(eM eON/I + M eolf/l €0): (8.14)

In CGA the reverse operation always amounts to negating the 20 bivector and
trivector components of a multivector. Hence i1 can be obtained by applying a
sign change to the component$ p,..., g in the aboveM -matrix. Evaluating equation
(8.14) gives a multivector Q with only three non-zero components inq= ©; (Q):

G : AP+ P&+ P53+ pd) =1
27 2(P1Ps i P2Psi P3Psi Pap7) =
O2s : i Qo7 2 0

The rightmost column shows the value the component should take. Note that the
last two constraints are already part of the M M = 1 constraint (7.6), cf. page
196. Adding the constraint p2 + pZ + p% + p3 = 1=4 and di®erentiating ultimately
gives 2 3

P2 Ps  Pa 0 0 0 O

P1
H(p) = 2§ 0O 0 O O ps ps P7 Ps Z:
Pg iPs iPs iP7 iP2 iP3 iPs P21

It remains to enlighten the usage of the pre-estimated 3D-epipoles. But this issue
coincides with the requirement to provide an initial estimate for the GH-method:
the initial estimate for p is the unit length translator Tg - being a special motor -
along the direction of the initial estimate for the 3D-epipole E from section 8.4.3,
i.e. pl¥:= ©(Tg).

12This can be done as the true distance betweenF and F ° cannot be recovered from the image
data.
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Scenarig 1x2 | 2x3 | 3x4 | 4x5 | 5x6 | 6x7 | 7x8 | 8x9
Displacement| 37cm|58cm| 64cm| 16cm|46¢cm|89cm|18cm|20cm

Table 8.4: Camera displacements between successive positions.

camera move ment

[

Fig. 8.15: Stereo setup. The epipoles are highlighted by the orange rectangles. The
right image was taken after moving the sensor 5 m towards the black marker point
on the wall in the center of the left orange rectangle. Note the immense di®erence
in the perceived environment.

8.4.5 Experimental Results

For the experimental veri cation of the derived epipole estimation procedure the
vision system shown in gure 8.1 was used again. It was, upright as in the gure,
mounted on top of a tripod. The sensor was then translated (on a planar surface,
avoiding rotations) by hand along a laser beam. The red dot in "gure 8.1 shows
the place where the laser beam hit the device. Nine images were taken at distances
1:82m, 219m, 277m, 341 m, 357m, 403 m, 492m, 51 m and 53 m. Thus the
overall movement was about 35m. Table 8.4 summarizes the displacements be-
tween consecutive sensor positions. Each of the 36 2-combinations of images re-

example, is shown in gure 8.15. On average, 112 feature points were manually
selected in each image. Further, for each scenario on average 94 feature point cor-
respondences were manually established. The entire image series was subjected to
the calibration as described in section 8.3. In the last but one step, 3D-epipoles
were pre-estimated according to the method, referred to as SVD-method, presented
in section 8.4.3. Note that all rather than nine correspondence points were used to
determine the initial guess. The subsequently presented results indicate the gain in
accuracy on applying the Gauss-Helmert method to the initial estimates.

For each scenario there are two initial estimates of the 3D-epipoles - one for each
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Fig. 8.16: Movement of correspondence points across (at most) nine images. Each
trajectory represents the connected positions of one feature point. Some trajectories
show jaggies; these are caused by unwillingly done rotations of the camera.

image/sensor position. In order to compare the GH-method and the SVD-method,
an SVD-motor M syp is computed from these 3D-epipoles. It consists of a hori-
zontal rotation to align both 3D-epipoles. This is necessary so as to account for
accidental rotations of the sensor. As a consequence, the sensor coordinate axis
are no longer aligned. The other part is the unit length translator Tz. Hence a
situation similar to that of gure 8.14 is created.

The goodness of the GH-results is demonstrated in two di®erent ways. Let the
GH-motor be denoted by M gy. For each scenario and each of the motor syp
and M gy the following evaluations were carried out.

1. Using the motor all projection rays of the scenario can be reconstructed. Ide-
ally, corresponding projection rays intersect. Hence the respective distances
in 3D are calculated, cf. page 132. The mean of the distances serves as a
guality measure.

2. The adjustments in the directions of the 3D-epipoles in degree are calculated.

The results regarding the 3D-reconstruction (item 1) are depicted in gure 8.17.

It can be seen that the average improvement of 424%8 20% is considerably.
Moreover, it is always positive. This justi es the second quality measure, the im-
provements regarding the angular directions as presented in gure 8.18. The stated
mean correction of almost one degree, which corresponds to seven pixels in the
image, can be vital in practical applications. Convincing evidence for the goodness
of the proposed epipole estimation give gure 8.18 and gure 8.20, respectively. It
is somewhat empirical, but throughout all scenarios the GH-method (green cross)
o®set the SVD-result (red cross) for the epipole towards the black dot, which was
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targeted at by the laser while the experiment was conducted. Hence the dot repre-
sents the ground truth regarding the epipoles.

%

80

70|

60

IR

50

40

30

second

scene 9 2 scene

Fig. 8.17: GH-improvements in percent w.r.t. the quality of the 3D-reconstruction
from the correspondence points. The min/average/max improvement is 0.43%,
42.44%8 20% (violet line) and 77%, respectively.
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Fig. 8.18: Adjustments in the directions of the 3D-epipoles. The mean correction
is 0:95* § 1:25 (violet line) corresponding to 7px § 9px (pixel) on the image plane.
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Fig. 8.19: Estimated epipoles: setup 4x5 (see gure 8.20). The guess of the SVD-
method (lower red cross) and the re nement by the GH-method (upper green cross).

Fig. 8.20: Estimated epipoles: magni cation for the scenarios 4x5 (l), 3x5 (c) and
7x8 (r). The di®erences in pixel are 34, 7 and 37, respectively. Scenario 3x5
represents an average situation.



Chapter 9

Conclusion

It was intended to demonstrate that combining conformal geometric algebra with
the method of least squares adjustment is best suited for a wide range of appli-
cations, especially those from the “eld of computer vision. The main topic dealt
with from this subject is pose estimation. But the individual contributions of the
chapters shall be subsumed rst.

2 A thorough and formal introduction to GA with vivid examples and several
connections to the standard vector algebra is given. The outer product and its
momentous consequence - the blade - is derived in every detail. Sophisticated
algebra expressions are analyzed and broken down into intelligible represen-
tations. Operations as the reverse, the magnitude, the conjugate, the inverse,
the projection or the rejection are explained. Vital concepts as duality and
outermorphism are elucidated. The relevance of versors and null blades is
discussed.

2 The conformal space and its underlying embedding is illustratively derived.
Conformal geometric algebra, its rich subspace concept and the transforma-
tions from the conformal group, which can act on the geometric objects that
live in the subspaces, are enlightened. The multivectors inhering with these
properties are analyzed in detail with respect to their structure and their mu-
tual relationships. An entirely algebraic factorization of motors (rigid body
motions) into speci ¢ translational and rotational parts is proposed.

2 The principle of pose estimation is succinctly rephrased using CGA. Starting
from a clear geometric concept, a new geometric view on the 3-point pose
estimation is obtained. The solution so inspired amounts to nding a root of a
well-behaved scalar valued function of an angle. An n-point problem is shown
to be solvable by taking the algebraic group nature of motors into account;
a technique called intrinsic mean builds a weighted average of several 3-point
solutions exploiting the tight relationship to the Lie algebra of the motors.
The resultant method is robust, sound and provides accurate estimates.

231
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CHAPTER 9. CONCLUSION

2 The method of least squares adjustment and the whole frame of parameter

estimation is illustrated. This includes a survey of the di®erent types of ob-
servations and their corresponding adjustment problems. The focus is on the
linear Gauss-Helmert model, which can account for all types of observations
simultaneously. The estimation method, i.e. the GH-method, that arises from
the model is hence the most general case of least squares adjustment. In the
end, the GH-method for block observations as used throughout this work is
derived.

The matrix representation and the crucial tensor representation of GA is
explained. On this basis, standard error propagation is adapted to CGA,
that is given a product of two uncertain multivectors the mean and covariance
of the resultant multivector is derived. Error propagation is also applied to
the conformal embedding as it ultimately represents a function of uncertain
arguments.

Three standard problems are chosen to demonstrate the e®ectiveness of com-
bining CGA with the GH-method: rst, the estimation of the best circle
passing through a set of uncertain points in 3D. Second, tting an RBM to
two 3D-point sets, one of which consists of observations. Third, the perspec-
tive pose estimation problem based on point features. Each of these issues
clari es several important aspects: rst, the ease with which such problems
can be modeled if CGA is used. Second, the way the tensor representation
of GA makes algebraic condition and constraint equations available to the
GH-method. Third, how smoothly and with which accuracy error propaga-
tion may be integrated into the framework of geometric algebra. Fourth, the
availability of a covariance matrix for the determined parameters that re°ects
how well the estimate approximates the observations.

For each problem, the goodness of the respective GH-solution is experimen-
tally substantiated.

Omnidirectional imaging using a single-viewpoint paracatadioptric vision sys-
tem, with its strengths and weaknesses, is introduced. A simple method for
calibrating such a system is proposed. Due to its structure, conformal geomet-
ric algebra o®ers the ideally matching framework to model omnidirectional
imaging in a straightforwvard manner. This and especially the importance of
the related inversion operation is brought to the fore. To keep track of uncer-
tainties under omnidirectional image formation, error propagation for CGA
expressions is employed. The GH-method is applied to three problems: a pose
estimation based on point features (a 3D-point model is tted to projection
rays), a pose estimation based on line features (a 3D-line model is tted to
projection planes) and an epipole estimation.

For the latter concern, epipolar geometry is entirely modeled within CGA.
As a result, a representation for the essential matrix and the fundamental
matrix, respectively, in terms of CGA elements arises. Epipole estimation
is lastly established on the basis of the essential matrix. This provides, as
a byproduct, the motion estimation between the two considered omnidirec-
tional images. It is further proven that the renowned authors of [50] make
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implicit use of a conformal embedding of image points in their standard vector
algebra derivation of the fundamental matrix. This impressively shows the
appropriateness of CGA.

The conducted experiments show that the proposed approaches to the three
problems produce considerably exact results.

It has been demonstrated many times that CGA is not without reason the lan-
guage for geometric computing; it not only gives intuitive access to many geometric
problems but also provides a powerful analytical tool to derive the respective so-
lutions. The universal character of CGA compared to the standard vector algebra
has been encountered and revealed several times indicating that CGA should be
the preferable starting point to model problems.

By means of the tensor representation of GA, the approved GH-method has suc-
cessfully been incorporated into the framework of geometric algebra. In the same
way, error propagation has been made available for all GA operations such that
working with uncertain multivectors became feasible. The established combina-
tion of the GH-method with CGA represents a sound new estimation technique.

Its competitiveness with respect to the reached accuracy has been corroborated
experimentally.

Another conclusion that can certainly be drawn is that the approached problems ef-
fortlessly and with elegance integrate into the framework of geometric algebra. The
wide range of addressable geometric problems likewise demonstrates the variability
of the method.
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Appendix A

Selected Aspects Underlying
this Work

This chapter serves as a repository for text parts which are too extensive or too basic
to be given in the main text. It is also tailored to convey the minimal knowledge
necessary to follow the elucidations in this thesis.

A.1 Linear Algebra

Linear algebra is the theory of vector spaces over elds. A natural way is therefore
to begin with a characterization of a eld. The remaining step, that is to introduce
the vector space, is then explained easily.

De nition A.1 (Field):
A eld is a triple ( ;+;9 consisting of a set and two functions
+ . £ i
(;vr) 740, +1 (addition)

and

¢: £ il
() 7t (multiplication)

such that the following axioms are ful Tled:
1. Associativity of addition
Forall ;%° 2 onehas(, +1)+° = +(*+?°).

2. Commutativity of addition
Forall ;* 2 onehas, +1 =1+

y "

235
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3. Identity element of addition (zero element)
It exists an element02 suchthat, +0 = |, forall , 2

4. Inverse element of addition
Foreach, 2 it exists an elementj , 2 suchthat, +(j,)=0.

5. Associativity of multiplication
Forall ;%° 2 onehas(,t)° =, (1°).

6. Commutativity of multiplication
Forall ;* 2 onehas,t =1

, "

7. ldentity element of multiplication
It exists an element12 ,160,suchthatl, = | forall , 2

8. Inverse element of multiplication
Foreach, 2 and, 60 itexistsan,i'2 suchthat,i!, =1.

9. Distributivity
Forall ;;5° 2 onehas, (! +°) = 1 + °.

5

¥

The uniqueness of the elements mentioned at point 3 and 7 can easily be deduced
from the axioms given above. Also, the elements , and , | ! are uniquely de ned.
There is a vast number of examples but the two most common representatives of
a eld are the reals! and the complex numbers" together with the standard
addition (+) and multiplication ( ¢. A eld is the scalar domain required for vector
spaces.

De nition A.2 (Vector space):
A triple (V;+;@ consisting of a setV, a function (called addition)

+: VEV | A
(xy) 7t x+y
and a function (called scalar multiplication)
¢:. £V | A
x) 7 X

is called a vector space (over the eld ), if the subsequent axioms hold for the
addition (+) and multiplication ( §:

1. Associativity of addition
(X+y)+z=x+(y+2)forall x;y;z2 V.

2. Commutativity of addition
x+y=y+xforall x;y 2 V.
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3. Identity element of addition (zero element)
It exists an element02 V suchthatx+0 = x forall x 2 V.

4. Inverse element of addition
For eachx 2 V it exists an elementj x 2 V such that x +(j x) = 0.

5. Associativity of scalar multiplication
() =(,)xforall ;* 2 ,x2V.

6. ldentity element of scalar multiplication
1x = xforall x 2 Vand12 is the identity element of multiplication of
, too.

7. Distributivity
a) ,(x+y)= ,x+ .,y forallx;y2V,, 2
b) (, +1)x = ,x +1x forall ;* 2 ,x2V.

¥

Naturally, the elements of a vector spaceV are termed "vectors'. The most famous
vector spaces ard 2 and ! 2 - known from vector analysis in school. A basic but
important concept is the linear combination of vectors.

De nition A.3 (Linear combination):

Let V be a vector space over the eld with vectors vi;vy;:::;v, 2 V and scalars
1,200, 2 . Then qvi+  ovo+ i+ (v, 2 V is called a linear combination
of the vectorsvy; v @i v, ¥

De nition A.4 (Linear span):
Let V be a -vector space with vectorsvy;vy;:::;vy 2 V. The set of all linear
combinations

spanfvy;vo;:iisvig=f, qvi+ [ ovo+ il v joi2 1 t-org

De nition A.5 (Linear independence):

Let V be a -vector space with vectorsvy;vo;:::;v, 2 V. The vectors are called
linearly independent if

JiVit Lovet it vy =00 =) L1=,2=::= ., =0

¥

It may easily be veri ed that the span of a set of linearly independent vectors in
V generates a linear subspace df , where the subspace inherits the vector space
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operations de ned onV. Moreover, with the help of Zorn's lemma it can be proven
that every vector space owns a minimal set of linearly independent vectors spanning
that vector space:

De nition A.6 (Basis):
Let V be a vector space over the eld . A set of linearly independent vectors

¥
A basis can equally be termed drame .

Note that the term canonical basis refers to the standard basis of an n-dimensional
vector space, i.e. the simplest basis possible is meant. For instance, the canonical
basisf e;; er; e3g of a 3D-vector space may be written

e =[1;0,0" e=[0;L0]" e=[0;01]:

De nition A.7 (Scalar product):
Let V be a -vector space. A scalar product is a function

hi :VEV |
(x;y) 7 hxyi

satisfying the following conditions

1. Bilinearity
The mapping hx;yi is linear in both x 2 V andy 2 V, respectively.

2. Symmetry
h;yi = hy;xi forall x;y 2 V.

An equivalent notation for the scalar product is indicated by &', hencexoy = hx;yi.
The product hx;xi may be abbreviated tox? as well. ¥

Remark (scalar product)

Unlike the common de nition, the scalar product, as it is understood in
this thesis, is allowed to beinde nite . This means the scalar product
does not have to be positive de nite, that ishx;xi > 0 for all x 2 V.

Even the semi-de nite casehx;xi, O forall x 2 V is not required. This
kind of scalar product does not necessarily induce a nortjj¢jj or a metric
on a vector space because important relations likgixjj =0 () x=0

or the triangle inequality do not hold unless the scalar product is positive
de nite.

De nition A.8 (Euclidean vector space):
A -vector spaceV equipped with a scalar product such thathx;xi > 0 for all
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X 2 V is termed Euclidean vector space.

The positive de nite Euclidean scalar product is denote by &'

A scalar product may be associated with a (possiPIy inde nite) quadratic f@rm

Q via Q(x) := x;xi. Conversely, one hadx;yi = % Q(x+Yy)i Q(X)i Q(y) . The
scalar product is referred to as the associated bilinear form of. An important
term in the context of this thesis is quadratic space , which is a pair (V; Q) where
V is a -vector space andQ : V ! is a quadratic form on V. The axiomatic
derivation of geometric algebra starting at page 17, for instance, bases upon the
guadratic space! P9, A quadratic form can be de ned in terms of its associated
bilinear form as follows.

De nition A.9 (Quadratic form):
Let V be a -vector space. A map

Q:Vv |

x 7
is called a quadratic form onV if

1. Q(,x) = ,%Q(x) forall x2V and, 2
2. B(x;y) = Q(x+vVy)i Q(x)i Q(y) de nes a bilinear formonV.

De nition A.10 (Null vector):

Let V be a -vector space equipped with a scalar productyi. A vector x 2 V is
a null vector or just null if x%=0.

¥
As an example, lete; ;e 2 V denote two canonical basis vectors with an appro-
priate scalar product such that €2 = +1 and el2 =il Thene: +e ande | e:

are null vectors.

De nition A.11 (Orthogonality ):

Let V be a -vector space equipped with a scalar productyi. Any two di®erent
non-zero vectorsx;y 2 V are called (indicated by x ? y) orthogonal to each other
if h;yi =0. ¥

Two vectors are calledperpendicular to each other if they are orthogonal and if
they stem from a Euclidean vector space. A set of two or more vectors is termed
(mutually) orthogonal if the vectors in it are pairwise orthogonal to each other.

Lemma A.1 (Orthogonality ):
A set of orthogonal non-null vectors is always linearly independent.
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,2Vo+ iii+ vy = 0. Then the scalar product h qvy + | 2vo + i+ | (Ve e,
1- t- r,mustbe,hv;wi =0. Hence zero can only be combined with the trivial
solution and so the vectors are linearly independent. ¥

De nition A.12 (Associative algebra):

A vector spaceV over the eld  together with a bilinear multiplication (termed
algebra product)

VEV | V
(xy) i Xy

is called associative algebraA over if the associative law holds for any three
elementsx;y;z 2 V

x(yz) = (xy)z:

An algebra is calleddegenerate if there exist at least two non-zero elementx 6 0
andy 6 0 such that xy = 0. ¥

The distributivity of the algebra A is equivalent to the required bilinearity of the
algebra product. Hence for any three elementx;y;z 2 A (2 V)

X(y+2z) = xy+xz

holds. The bilinearity also allows for , (xy) = (,x)y = x(,y) given that x;y 2 A

and, 2 . Surely, no axiom for the closure ofA must be stated since it is already
implicit in the de nition of the algebra product. The dimension of the algebra is

its dimension as a -vector space.

Notice, as a counterexample, that! 2 in conjunction with the non-associative vector
cross product £' can not be an associative algebra - instead &ie algebrais formed.

A.2 Commutator and Anti-Commutator

In linear algebra commutator and anti-commutator are important tools when deal-
ing with analytic calculations. Any linear associative multiplication of two elements
A and B, in the following indicated by the juxtaposition AB, can be expressed as
the sum of commutator A£ B and anti-commutator AEB. The minimal algebraic
structure necessary is thus aring . A ring di®ers from a eld (page 235) in that
axiom 6 (commutativity of multiplication) or axiom 8 (inverse element of multipli-
cation) does not need to be ful Tled. The next de nition, however, makes clear why
at least axiom 6 must not be ful'lled in order to have a reasonable decomposition
of AB .
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De nition A.13 (Commutator and anti-commutator LY

Let A and B two elements of a non-commutative ring or an associative algebra.

The commutator product of A and B is de ned as
3 .

AEB = 3 AB | BA

The anti-commutator product of A and B is de ned as
3 .

AEB = 1 AB + BA

It is therefore
AB = AEB + AEB:

¥

Itimmediately follows from the de nition that the commutator and anti-commutator
product are distributive  but not associative operations. Moreover

AEB
AEA

i BEA AEB = BEA
0 AEA A '

If there exists an elementBi 1 such that BB ! = 1 then a split of identity can
easily be accomplished as

BBi'=1 ( A= ABB''=(AEB)BI'+(AEB)B'*:

Notice that commutator and anti-commutator are assumed to bind stronger than
the multiplication, e.g. AEBC = (A£B)C. Here a redundant bracketing is in-
tended to increase readability.

A simple but powerful expansion can be obtained with theLeibniz rule

(AB)EC = A(BEC) + (AEC)B:

The Leibniz rule can be generalized. Using four variables it becomes
(ABC)ED = AB(CED) + A(BED)C + (AED)BC:

After multiplying the latter equation with 2 and expanding the terms it is

ABCD | DABC = ABCD ’ ABDC + ABDC{; ADBC + ADB% i DABC:
0

Hence all intermediate terms neutralize each other. The generalization of the Leib-
niz rule then reads
K 1
(A1A2:IAEB = A1A2 5 Ak i 1(Aki i EB)AK i1t AKG
i=0

1In the literature commutator and anti-commutator are commonly denoted by brackets[ A;B]=
A£B and curly brackets fA;B g = AE B, respectively. Apart from that, the notation [ A;B], =
AEB and [A;B]. = AEB s typical.
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where the summands are ordered such thatAjAz:::A; 1(Ak1€ B) and
(A1£ B)Az:::Ag are the rst and last summand, respectively. An even more gen-
eral formula includes anti-commutators as well. It can then be inferred that

(AB)EC = A(BEC) + (AEC)B
(AB)EC = A(BEC) + (AEC)B
(AB)EC = A(BEC) | (AEC)B
(AB)EC = A(BEC) i (AEC)B:

Very similar expansion rules that rely on the same, above mentioned, neutralization
principle are

(AB)EC = A£(BC)+ BE(CA)
(AB)EC = A£(BC)+ BE(CA)
(AB)EC = AE(BC)i BE(CA)
(AB)EC = AE(BC)i BE(CA):

The most popular equation is the Jacobi identity
AE(BEC) + BE(CEA) + CE(AEB) = 0:

For a possible generalization see [68, 69].

Proof: Consider the full expansion of all terms. This yields

3 .
4 AE£(BEC) + BE(CEA) + CE(AEB)
ABC i ACB | BCA + CBA

+ BCA | BACj CAB + ACB

+ CAB | CBA | ABC + BAC

= A(BCj CB+CBj BC)
+B(CAj AC+ ACj CA)
+C(BAij BA+ AB | AB)

0:
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Similar, likewise important, expansions are

(AEB)EC = AE(BEC) + (AEC)EB (A.1)
(AEB)EC = AE(BEC) i (AEC)EB (A.2)
(AEB)EC = AE(BEC) + (AEC)EB (A.3)
(AEB)EC = AE(BEC) i (AEC)EB (A.4)
(AEB)EC = AE(BEC) i (AEC)EB (A.5)
(AEB)EC = AE(BEC) + (AEC)EB (A.6)
(AEB)EC = AE(BEC) i (AEC)EB (A7)
(AEB)EC = AE(BEC) + (AEC)EB: (A.8)

Note that equation (A.1) is again the Jacobi identity.

It might sometime be necessary to expand a nested (anti-) commutator expression,
for instance

AE(BE(CE(DE(EE(FEG))) :

(A.9). In principle, the sum extends over all 2i 1 possible disjoint partitions of an
index setl := f1;2;:::;kj 1ginto two sets. This is formalized in terms of the sum
over (u;v)-shuzes (page 54). Notice that every summand itself is a product that
can be considered two-part with respect to the elementAy. The left-hand (right-
hand) elements w.r.t. Ax have to be in an ascending (descending) order, where
the respective indices come from the rst (second) partition ofl. The sorting is
indicated, for example, by % < ¥ <::: < %y; ;. The way the products are built is
illustrated in gure A.1.

Fig. A.1: Expansion of a nested commutator expression: the termj BCE G FDA
is one of the summands that would appear in equation (A.9).

It is refrained from giving the proof of the formula because it would claim too much
place measured against its relevance. The expansion formula reads

A1 (A2F (AsE 111 (Ak 2£ (Ak 1 AK)) 112))

) G it D WAL Ay A Au Ay A A9
1 [ 2 |3/4 3/43{-2-- %q} k|3/4<i1 %ifz-" Yai i+1

S(Ki Bii 1) ¥<Hap<ii<¥ay; | Wi 15%ak; 2>V k41

_1_
Xt
|

)

where % = %), 1 - % - ki 1. In case of a pure anti-commutator expression,
the prefactor (j 1)'' ! vanishes. Mixed expressions may also be taken into account,
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but this, in general, makes it necessary to introduce an additional formalism that
captures the con guration of commutators and anti-commutators. Nevertheless,
two outstanding special cases will be treated now.

Let %2 S(kij i;i j 1) be a (u;v)-shu2e with % := 3i),1- % - kj 1, as before.
Then
P = (Yas ¥ % is K Y 10 % 20000 % iv) (A.10)

can be regarded as a permutatiod 2 S(k). With this de nition, it is

(Aki 4E (Ak; 3£ (Ak; 2E (Ak; 1£ AK)))

P i ¢
Ki T sgn ! (% A3/4A3/42 . :A%q . Ak Aa/,(i 1A3/‘,(i ZZZA3/4(i i+n -
=1 %2 I {z b {z i}
S(ki L l) Y <Yap<:::<¥% ki i ?y‘ki 1>374ki 2>1>Y, ki i+l

(A.11)
Note that this formula can be used to expand equation (2.34) - the commutator
representation of the outer product - which is crucial in geometric algebra.

If the innermost operation is an anti-commutator rather than a commutator like in
equation (A.11), a slightly modi ed formula is obtained:

(A; 4f (Ak; 3E (Ak; 2F (Ax; 1E AY)))) o

: B i P i ¢ . e .
XL (| 1) I . sgn ! (3/; A%/A\z%2 .. .As/,ki i Ak Ae/k; 1A3/1<i PR .Az/ki 410
= S(ki i1 1)

(A.12)
with ! (%) as before (according to equation (A.10)). Note that both equation (A.11)
and equation (A.12) can be used to evaluate thénner product , see corollary 2.9

on page 45.

A.3 Proofs and Derivations

Extensive proofs which otherwise would interfere with an undiminished understand-
ing of the content are shifted to this place.

A.3.1 Proof of Proposition 2.3

Here it is to be proven, as quoted on page 43, that the outer product of a bivector
C =Cp 2 pgq Wwithitself is zero i® the bivector represents a 2-blade. This is
done by means of an induction on the algebra dimensiom = p+ g. The obvious

direction C = C,, =) C " C =0, however, is omitted.

Let C = hCi, be the bivector under consideration. It remains to prove thatC" C =
0 implies that C is a 2-blade.
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Proof:
Induction basis : let n =2 such that C is de nitely a 2-blade.

Induction hypothesis : proposition 2.3 is true for algebra dimensionn.
Inductive step : let C be a bivector from 41 with C”~ C =0. Then C can be
subdivided into two summands like

C = Cph + Chi1;

such that C,+1 contains all basis blades ofC that include the additional basis
vector en+1, 1.e. Cph+1 IS the 2-blade

X0
Chns1 = €ns1 M C with suitable c=  ¢e 2
i=1

n.

Accordingly, the remaining basis 2-blades ofC composeC,. On evaluating the
outer product C ~ C itis

cCArC = Fn+1ACn+]} + %Cn+1/\cn

A -0
iz {Z+ Cn CT 0:
0

0

Note that every term of C,,+1 » C, does necessarily contain elemerg,+1 , whereas
it cannot occur in C, » C,. Hence both outer products cannot zero themselves and
consequently

Cht17Ch =0 and Ch"C, = 0:

Now the induction hypothesis can be applied to the right expression showing that
C, represents a 2-blade as well. Moreover the rst identity

Cn+1ACn:0 0 en+1ACACn=O

implies that ¢ 2 ! er(Cp) becausee,+1 is per de nition not part of the OPNS of
Cn. It therefore exists a supplementary vectorc® (pp. 42 sqq.) such that

Cn = ¢
and ultimately, by the distributivity of the outer product,

]
C=emc+c®c=(eng+cH"c= Cpy:

A.3.2 The Coezxcients of Equation (2.27)

At page 33 it has been inferred that equation (2.27)

f(apaz::ak) = Mra@yq1)yq2) 11l Asyk) ; My, 2
25 (k)
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is the most general form the outer product ofk vectorsas, ap, :::, ax may take on.
A condition, or rather the de nition for this general case is that each summand of
equation (2.27) has to occur. It is therefore assumed thajy, 6 O for all 342 S (k).
Here it is shown that the coezxcients [, must then all be equal in their absolute
value, that is ju,j = const.

Consider two arbitrary terms of the sum in equation (2.27)

fo. = Wnaynaype) iilayk and fs = pasgymyaye) ayk:

It exists a permutation ¥ 2 S(k) so that %+ %= % or #! = %1+x1l
equivalently. Note that with the concatenation ! := %4 1+3% ! 2 S(k), and so with

|
¥
-
Y
®
o
®
™.
2
=~
N
I
¥

Thus given two arbitrary permutations %and % a permutation ! of the argument
vectors off can be found in such a way that the summandf s, plays the role off g,
and vice versa. Consequently, for the quotientus,=|, it is required that 2

%‘ = sgn(!) = sgn(¥% ') sgn(%i 1) sgn(¥j = sgn(¥j (A-13)
Ya

since sgn®i 1) sgn(¥) = 1 and sgn(¥ ) = sgn(¥). This already shows that the ab-
solute valuesjpyj of the summands in equation (2.27) must be identical. Moreover,
from Yt %= ¥4it can be deduced that

sgni .
sgn@®j -

sgn(va£¥) = sgn(¥) 0 sgn(/ =
In conjunction with equation (A.13) it may eventually be de ned

M, = csgn®); c>0; (A.14)

where ¢ = const denotes a positive scalar from the reals .

2The sgn function is a group homomorphism. It therefore holds that

sgn(¥%a = %) = sgn( %) sgn(%2) Y2;% 2S:
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A.3.3 Proof of Proposition 2.8

The pending proof of proposition 2.8 set forth hereunder bases on proposition 2.7.
The respective equations are restated for a better accessibility:

Ani By =
X 3 “h [k i
sgn(¥) Ay G(bs, N by, i by,) Byin by (A15)
Y2 S (ki k) r=1
with the abbreviation % := %), 1- i- I.

X .
altBy, = (i 1)'I Ya ¢by) [By;nbi] (A.16)
i=1

Proof: According to equation (2.38) it may be written
As a motivation, consider at rst the triple application of proposition 2.7
X2 xix . . :
as ¢(az ¢(a1 ¢By;)) = (i 16 D=

i3=1 ip=1i1=1
1+ (a3 9b3)(az 00, (@ 0by,) {18 it i HERY;
4

remainder

where b, denotes thei" vector in [B;nbi,]. Note that bl di®ers from by,
the i" vector in B,;, wheneverb;, precedesb;, in B, , so if iy < iz b¥
is de ned analogously. The index combination(iy;iz;iz) = (1;1;1), for example,
would correspond tob; (i1), b2 (i2) and bz (i3). Moreover, an index combination
(i1;i2;i3) = (3;2;1) results in an identical remainder [[[B ;;nbi, hb®, hbPY.

The aim is now to identify parts of the k-fold application of proposition 2.7 with

the corresponding parts of the formula given in proposition 2.8. But it seems that
the index combinations (i1;iz;:::), which de ne the order in which the vectors b

are taken out of B, , cause a problem. Hence it is being focused on this now.

Letv2 K k- I, denote ak-tuple that encodes in which order which vectors are

elementv; of v speci es that by, must be taken out rst.

For every valid sequencey it exists a unique corresponding index combinationw :=
(i1;ig;:::5ik) 2 %, k - I. These tuples are important as they eventually de ne
the sign of the summands. Regarding the above exampld, = 3, it is

v=(1;2;3) A w=(1;1;1):
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Next it is analyzed how w changes under an elementary transposition of an element
from v with a neighboring element not in v. It is ultimately intended to learn how w
changes under a couple of elementary transpositions so that those summands with
identical remainder can be grouped together. In this

(A) (B)
by by” bz by” bs” b (b2 ™ by ™ bg) ™ by”bs™ bs (p 499
Vi V2 vz ViV

example, several elementary transpositions lead to = V0= (2;4;6) but w = (2; 3; 4)
i wP=(1;1;1). It is easy to see that moving a vector fromv by one position
to the left, e.g. b3 by y bsg” bz (the right, e.g. bs”™ bsy bs” bs) causes the
respective index inw to decrease (increase) by one. In the = (2 ; 4; 6) example one
obtainstw=(j 1;i 2;i 3).

Another thing to re°ect about is what happens to w if two neighboring elements
in v are exchanged, so if for exampler = (2;4;6) | W = (4;2;6). First of all,
since the elements are neighboring, their composite action regarding the e®ects on
w is atomic, i.e. the uninvolved indices ofw stay unchanged. The situation may be
subsumed as follows

Vi Vier WiV W=
Wi Wisg i w=2;  wl, =?

Two cases must be taken into account when exchanging; and vj.;: rst, assume
that vi < vj+1. Then, by, precedesb,,,, in B,;; so that the e®ect of taking outb,
from B,;; prior to by,,, must be that the index wi., is already decreased by one.
Note that, as a consequencew; = vi i (i 1) if the elements inv are in ascending
order. Conversely, ifv; > vi+1 then the removal of by, does not a®ect the index
wi+1 . After exchanging vi and vi.+1 the update for w is

Vi< Vin ) W= wisg +1 and  wly = w
(A.18)
Vi > Vit1 =) wWo= Wi and wl; =wi L

For example, v = (1:;2;:::;6;9;7;8) A 0 = (1;2;:::;9;6;7;8) corresponds
to w=(1;1;::::1;3; ;1) A wl=(1;1;:::;4;1;1; 1).

The sum in equation (A.15) consists of |'(¢ = w terms whereas the sum
in the k-fold application of equation (A.16) is to be taken overl (Ij 1) ::: (Ij k+1)
summands, wherek! of them can each be grouped together as they belong to the
same remainder. This becomes clear by observing that there atd permutations of

of equation (A.16) such that it resembles equation (A.15) in proposition 2.8.

The next equation shows,a rst generalization towards thek-fold application of
proposition 2.7. The sum |, in the formula is intended to be taken over all valid
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index combinationsw = (i1;iz;:::;ik) 2 X. Besides,v is well-de ned® in terms of
w, and vice versa. This property is indicated by writing v(w) or w(v), respectively.
X P wisk Y h ¢ |
Ani Bhi = (i1 =™ ki (i1 Bvw);  Brin By,
w j=1 r=1

This formula may be rewritten in terms of a sum extending over all valid sequences
v2 K Mare¢preC|ser, the sum is split into two sums such that the outer one
captures all k-combinations for which a common remalnder exists. The inner
sum captures allk! permutations of the indicesv; <v, <:: <V in v that belong
to the actual remainder.

X X
Ani By =
1. vi<v a<iicv - | v2S (k)
V=(V1;V2;ivk)
P, ) 3 “h [k i
(i) = w(vy)i § aki (i 1) ¢bv%(j) By N by, ;
j=1 r=1
wherevy, 1= (Vi1 Vigz) s 110 Vigky). According to equatlon (A.18), every elementary

transposition of elements inv alters the sign of (j 1) 1 Wi The overall number of
transpositions to rearrangevy, into v is determined by the permutation %2 S (k).
Thus P P
. Kow(v)i — . Koowi. — .
(i 1) =7 = sgn(¥) (i 1) =T w = w(v)i:
Consequently,

X

1- vi<v o<ii<v - |
V=(V1;V2;i5vk)

X * 3 h ok
sgn(¥9 ak; (i 1) by, Bpin by
Y25 (k) j=1 r=1

With the aid of equation (A.17) it can be seen that as long as the elements
V1;Vo;:::; vk of v are arranged in ascending order, a minimum of :‘1 viij i ele-
mentary transpositions of the vectors is necessary to reach setupA) from setup
(B), and vice verl'jsa In order to g('—;t rid ofw in the previous formula, it is now being
shown that (j 1) = WSk = (j 1) “1 Vi | js this minimum of transpositions. For
this purpose, w; can be substituted byv; j (i j 1), such that

Py P o
(l 1) = wisk = (l 1) i:1(Vi|(I| D)8k = (l 1) i=1 Vi||:

Self-evidently, the number of elementary transpositions can be related to a permu-
tation by means of

Py o
(i1) =90 = sgn(%);  ¥%2S(kli k);

3The bijection between v and w it is not yet stated - but it exists.
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Where %2 S(k;l i k) denotes a(u;v)-shu2e, see de nition 2.8 on page 54, with
= (%1);3%42);:::;¥K)). Hence

At By =
0 1 .
X Yk 3 “ h [k [
Sgr(% @ Sgr(l@ ak| (i 1) ¢bV1/A(j) A B Hi n er :
%2 S (ki k) v2S (k) j=1 r=1
vi=( Ya,¥e;n¥)
with the abbreviation % := %), 1- i- I.

Finally, assume that k equals|. The outer sum consists of only one §ummand
corresponding tov = (1;2;:::;k), with sgn(%) = +1 . The term [B,;n ,_; by]
takes on the valuel and only

X ¥ ¢ .
A OBy = sgn(¥) &k iy Py - Vi) = Al
Y2S (k) j=1

is left over. If the subscription by means ofv is just considered as a renaming
scheme for the vectors b, .., g, it can be concluded that

X 3 ’
sgn(¥9 ak;i (i 1) %Py, = Apg ®by, N by, N i by )

¥25 (K) i=1

as desired for proposition 2.8.

A.4 Additional Notes Tailored to CGA

There is a number of rules which are useful in the context of chapter 3. These are
given here.

A.4.1 Commonly Occurring CGA ldentities

A AT
le= el =elg = jlge (A.19)
ElIl = 1E = Ig (A.20)

The next three identities are also subject of gure 2.6 on page 63. In particular,
when in its algebra 3, I g behaves in the same way a$; both square to minus
one and both commute with all elements.

Al = Acl

| ¢6A = IA (A.21)

i1

(A.22)
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12=12 =1 (A.23)
The geometric product of three vectorsa;b;c 2 P9 amounts to
abc = a*brc+(actb)c+(b¢c)aj (c¢a)b: (A.24)
The following sandwich products are of certain importance

bxb

abxba

3(bex)bj b?x , (A.25)
4(bex)(bea)i 2b%(atx) ai 2(b¢x)b+ b%a’x (A.26)

Especially if a and b represent conformal points, it is

aba = 2(bta)a (A.27)
aea = | 2a (A.28)
eae = eee = j2e (A.29)
€6 = |26 (A.30)

Making use of the notation introduced in section 3.1, it is

q_
kartk = @i (ath)?2 = kak Kbk jsin(°®)] (A.31)

aE Db

(arDIit = pe(ale); (A.32)

and similarly
af (P£ € = at(e" b = (adeb; (adbh<e:

Now let A be the Z 3-matrix holding the coezxcients of @, Band € Then the triple
product corresponds to the (oriented) volume det@) of the parallelepiped spanned
by the vectors.

at(bE ¢ = (a* b It = det(A)leli! = det(A)

Selecting Multivector Elements Algebraically

The following expression returns only those terms of a multivectorX that belong
to the Euclidean subalgebra 3, i.e. only those terms that do not involve e, e,
e:, e orE elements

Y = E¢E™X): (A.33)

Note that this is referred to as the conformal split in [76, 62].

Selecting only those parts ofX that include an E -component can be done by

Y = e, ¢(e¢X): (A.34)
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A.4.2 Commutator Products

Commutator Products Here some interesting commutator products are presented.

From the elucidations in section 2.3.3 it follows that| commutes with all elements

in CGA,; equation (A.35) shows some of the numerous possibilities and holds as
well for the anti-commutator

(A1 )EB = (AEB)I = | (A£B) = (1A)EB = AE(BI) = 11 (A35)
The subsequent equations hold for alls , 2

ApiEBr = a1”(az20Bg) i az” (a1¢B ) (A.36)

AEBr = Ap B + A " B! (A.37)

Especially if the grade ofB ,; is two, it may be seen that
ApiEB = (aztby)(ar” bp) i (az¢bp)(ai” by)
+(ag thp)(az” b1) i (ailby)(az” by):
AgifBrg = A " Big *+ ai1” (az®(asz¢By))
i i’:\z AN (ag ¢{(Za3 ¢B g )g + az” (a1 ¢(a2 ¢Bg));

az"((a1"asz)®

h3i )

(A.38)
whereAh,Si "B =0 in CGA.
i arMaz™ (a20Bg) + ax” az” (a1 B g):
(A.39)

Other expressions can often be derived, e.g. with the help of equation (A.35) and
equation (A.38)

AhSi{:"BhZi

(Agf B N1 = (AgfBIg) 1T
A|’13I ¢th| + a1¢(a2/\a3/\ BhZI)
i axCar™az” Byy) + azt(ar” ax”™ Byy): (A.40)

where it was used that

(as” (a1 ¢(az eB ) 11!

(asf (ai1f (a2EB ) 111
= asf(a1f (a2£BGgl ' )

= asf(aif (a2£By))

= az®(ar” a” By):
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Abbreviations

BCH
CCD
CGA
DOF
elPNS
eOPNS
GA
GH
IPNS
LS
LSA
MAP
ML
MSE
MVUE
OPNS
P3P
PCA
PDF
PNP
RBM
RMS
SVD
TLS

Baker Campbell Hausdor®
charge coupled device
conformal geometric algebra
degrees of freedom
conformal points in an IPNS
conformal points in an OPNS
geometric algebra
Gauss-Helmert

inner product null space
least squares

least squares adjustment
maximum a posteriori
maximum likelihood

mean square error

unbiased minimum-variance estimator
outer product null space
perspective 3-point problem
principal component analysis
probability density function
perspective N -point problem
rigid body motion

root mean square
singular value decomposition
total least squares

253



254 APPENDIX B. ABBREVIATIONS




Appendix C

Notation

The following list of examples gives an overview of the mathematical symbols and
the notation used in this text.

Symbols

n,p,q

Usually the dimension of the quadratic space P9, n = p+ q, which
underlies the geometric algebra pq

The setN = f1;2;:::;ng

Empty set ; = fg, j;j =0

Natural numbers f1;2;:::9

Natural numbers including zerof0;1;2;:::9

Real numbers, complex numbers and quaternions

Quadratic space (vector space with associated scalar product, cf.
page 238) over of dimensio[np+ g=n

Euclidean vector space "= " | ie.p=n,q=0

A uf u-identity matrix 1,2 %Y

Geometric algebra of P9 with dimension 2"

Vector with norm 0

Pseudoscalar of the geometric algebra under consideration

Multipurpose elements: scalar numbers, functions or sets

Space of multidimensional arrays over of dimension mi £

mo ﬁ\l e £Nmr, Nbeing isomorphic to the tensor product
mi1 mo my

Space of matrices of dimensionm£ n over

Vectors, matrices or generally any multidimensional arrays of num-
bers (tensor); speci cally [A] .= A

Transpose of a vector or a matrix

Column vectora=[aiay :::an]T2 ™M

Matrix or tensor (generalized matrix concept)

Horizontal concatenation of two matrices (commas may also be omit-
ted in unambiguous cases)

255
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[A; B] Vertical concatenation of two matrices

Aj Matrix element at the i™ row and j ™ column - identical with Alj,
Al or Al ; similarly, a=[a;; a2 :::;am]2 ™) a=a = a

Aijisi The element of anr-valence tensor that is indexed by the subscript
igio::0iy

Aijkbj Einstein summation convention SL,gnmation over identical super-
and subscript indices, i.e.Ailgby = Aj by

a, Ai The i ™ vector, matrix, tensor, etc. Ay is possible

(IIZ)izlg;;;gizk De nes a tensor or a matrix, e.g. B := (Ail;;;ik)izlg;;;gizk, where
fz.,9:=[1Kk] ,itis Bizl:::izk = Ai i, speci cally (Aj)jei = AT

[(::) De nes a tensor or a matrix; [Ai,:i, ] = (AipiDig g, = A

AV Matrix A restricted to the columns determined by vectorv

Ajv Matrix A restricted to the rows determined by vectorv

col(A) Column space of the matrix A, e.g. Aa 2 col(A)

rank(A) Rank of the matrix A

diag(A) Column vector of diagonal elements, i.e. [diagh)]; = Aji; moreover
diag(diag(A)) = A

vec(A) Reshapes matrixA into a column vector p

tr( A) Sum of diagonal elements of the matrixA, i.e. tr(A) = ; Aj

! Set of arbitrary elements

1, (x) Characteristic/indicator function of the set !

" Set" uN to be used in basis blade notatione-

i"i Number of elements in" and thus the grade ofe-

| =w Setlyy = f(va;ve;iiiivy)jl: vi<va<:iii<vy- wg

fAL... O The setfAq; Az i Akg

[a;b The setfaja+1;:::;bg ¥L#

S(k) Set of all permutations (automorphisms) of the (index) set
f1;2;:::;kg

S(u;v) Set of (u;Vv)-shu2es. Itis S(u;v) £ S (u+ v)

sgn(%) And %2 S(k) : sgn(¥) =+1 (sgn(¥) = | 1) if %4is an even (odd)
permutation of f1;2;:::;kg

sgn(x) Sign of the real numberx 2, i.e. sgnk) = x=jXj

£ Commutator, AEB = 3(AB j BA)

£ Anti-commutator, AEB = 3(AB + BA)

& i " canonical basis vector of "

e i " basis vector of P4 4

iy, Basis bladeej, e, ::: e

e Ordered basis bladeej,ej, :::ey with i1 <iz<:::<i,and" =
figj- a-rgu N

E; The i " basis blade, 1- i- 2", of pq

a Vector from 31 3 ie. a= aje; + aye, + azes

a Vector from P91 .. Qe a= ae

ao b Euclidean (positive de nite) scalar product of the vectorsa and b
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aob Scalar product of the vectorsa and b, coincides with the inner prod-
uct a ¢b

?,k Indicates orthogonality and parallelism, respectively, regarding the
inner product

2, ke Indicates perpendicularity and parallelism, respectively, regarding
the Euclidean scalar product &'

A General multivector

A" Dual of general multivector A

i3 Reverse of general multivectorA

AY Conjugate of general multivector A

PAi, Grade-projection onto the grader components ofA

A A - -vector

A i A blade of gradek, A, ;== a1™ a” :iiag

v a, The k-bIadeV(al;az;":;ak) = arMaxN N ag

j=1

[A | nail The (ki 1)-blade a1”™ a>” :::aj; 1™ aj+1 ™ 111N ag

sparia,.., g Linear span of the vectorsfa,.., g, sparia,;.., g= er( :‘:1 aj)

er(A i) Outer product null space (OPNS) of the blade A |, ;
er'(A,;) Inner product null space (IPNS) of the blade A,

A"NB Outer product of the multivectors A and B

A ¢B Inner product of the multivectors A and B

KA i K Magnitude of the k-blade A |,

Ao B Euclidean scalar product of the multivectors A and B

at A, Euclidean inner product

dim(! ) Returns the dimension of a space, e.g. dinf(0g) =0

I ©" Outer sum of the vector sets! ;" p #Pd

par Inner di®erence of the vector set$ ;" p # Pd

Fa.wn Inner di®erence (w.r.t. the Euclidean scalar product &) of the
vector sets! ;" p #P4

j Kronecker delta

XK Random variable, random vector

EQCX) Expectation of a random variable

Var(X) Variance of a random variable

Cov(X;Y) Covariance of the random variablesX and Y
v 'y ) - v v
Syy 2 # r£s  Covariance matrix for the random vectors VX 2 #' and )/( 2 #5S;
speci cally [§xy]j = Cov(Xi;Yj)
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Anti-commutator, 20, 240 Leibniz rule, 241

Baker Campbell Hausdor® formula, 130 Complex numbers, 1

Barycentric coordinates, 199 Conformal

Baseline, 221 circle, 94, 108

Basis, 238 degenerate, 110
null, 85 embedding, 85, 188, 220
orthogonalization, 52 gepmeFrjc algebra, 3, 81
sound, 73 identities, 250

matrix representation, 179, 225

Bayes' theorem, 150 ;
tensor notation, 180

Bilinear form, 21

Bilinearity, 3, 238 geometry, 81
of algebra products, 180 group, 120
of geometric product, 23 line, 114
Binet-Cauchy identity, 24, 56 mapping, 8
Bivector, 19 objects, 91
Blade, 3 plane, 99
basis, 18, 36 point, 85, 90
denition, 41 point pair, 104, 119
null, 72 projective point, 107
de nition, 48 space, 83
sphere, 90, 96
Calibration imaginary, 97
paracatadioptric, 218 split, 251
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Conjugate, 59, 106
Consistency, 147
Correction, 153
Correspondence
line-plane, 210
point-line, 203
problem, 135, 226
Covariance propagation, 156, 185
Cramer's rule, 161
Cyclic reordering property, 46

Dehomogenization, 107
Determinant, 23
Deviation, 153

Dilator, 121

Distortion, 135

Dual, 63, 211, 221
Duality, 63

E+ciency, 147
Eigenvalue decomposition, 46, 168
Einstein summation convention, 32
Epipolar
circles, 220
geometry, 219
line, 219
Error
equations, 153
mean square, 147
metric, 153
propagation, 12, 182, 210
root mean square, 197
unobservable, 153
Estimation
Bayesian, 150
initial, 154, 170, 212
interval, 146
least squares adjustment, 152
maximum a posteriori, 151
maximum likelihood, 151
point, 146
Estimator, 147
Euclid, 15
Euler's formula, 124
Expectation, 146
surface, 158, 159
Extrinsic parameters, 136, 219

Field, 235

Fitting, 10, 137, 152
algebraic t, 191
best t, 153
geometric t, 191

Focal length, 135, 208

Frame, 238

Function
characteristic, 36
condition, 153
indicator, 36

G-condition, 169, 191
Gauss-Helmert
method, 145, 162, 169
Model, 165
Gauss-Newton algorithm, 154
Geometric
algebra, 18
Geometric algebra
axioms of, 20
conformal, 81
tensor notation, 180

Geometry
conformal, 87
epipolar, 13

hyperbolic, 85
Gibbs, Josiah Willard, 15
Grade, 1, 19
Grade-projection operator, 37
Gram-Schmidt orthogonalization, 73
Grassmann, Hermann GAinther, 16
Group

conformal, 120

Euclidean, 120

H-constraint, 169, 192

Hamilton, William Rowan, 15
Hesse normal form, 167

Hestenes, David, 16

Homogeneous coordinates, 84, 107
Homogenization, 156

Horocycle, 85

Horosphere, 85

Inner di®erence, 71
Inner product null space, 69
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Insphere, 110
Intrinsic mean
weighted, 143
Intrinsic parameters, 135, 219
Inverse, 62
Inversion, 7, 104, 206
Involution, 8
Isometry, 120

Joint density function, 151, 183

Lagrange
function, 159
multiplier, 159, 173
Lagrange's identity, 24
Landmark, 11, 204
Least squares
adjustment, 10, 152
general case, 165
uni ed approach, 166
total, 166
Levi-Civita tensor, 29
Lie
algebra, 143, 212
group, 143, 212
theory, 130
Lie group, 24
Likelihood, 150
Linear
independence, 237
span, 237
Linearization, 154, 171
LS-Update, 153

Magnitude, 61, 115
Mahalanobis distance, 153, 159, 197
Marginal density, 150, 183

Matrix
cofactor, 156
design, 156

essential, 219, 222
fundamental, 219

Householder, 27

Jacobian, 154

projection, 157

representation of CGA, 179, 225
rotation, 124, 128, 212

weight, 153
Maximum
a posteriori, 151
likelihood, 151
Mean
population, 146
sample, 146
Median, 151
Method of moments, 148
generalization, 149
Minimal variance property, 147, 158
Minkowski plane, 82
Mode, 151
Model
3D-point, 135
conformal, 82
functional, 9, 152
Gauss-Helmert, 10, 165, 171
homoscedastic, 156
linear
classical, 152, 155
regression, 149
mixed, 165
object, 11
pinhole camera, 11
Motor, 128, 195, 225
factorization, 130
representations, 129
Multivector, 2, 19

Newton-Raphson, 142, 154
Non-parametric estimation, 145
Normal distribution, 146
Normal equation, 157, 173
Normalization, 87

North pole, 206

Null cone, 84

Observation
block, 169, 191
conditioned, 160, 163
derived, 164
direct, 162
equations, 153
indirect, 164
Omnidirectional
imaging, 205
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vision, 11, 203
Operator
Euclidean projection, 77
orthogonal projection, 78
Orthogonal complement, 51, 71
Orthogonality, 239
Outer product null space, 69
Outer sum, 70
Outermorphism, 4, 48, 65
Overdetermined problem, 156, 212

Panoramic view, 203
Parabolic mirror, 13, 205
Paracatadioptric, 203
calibration, 218
Parameter estimation, 9
Parametric estimation, 145
Pauli matrices, 179
algebra of, 1
Perpendicularity, 239
Pinhole
camera model, 11
e®ective, 205
Poincarg disk, 85
Point
measurements, 9
triplets, 138
Pose, 10, 135
3-point, 138
estimation, 10
2D-3D, 137
omnidirectional, 203
perspective, 135, 198
Posterior distribution, 150
Principal component analysis, 156, 168
Principal point, 135, 208
Probability density function, 145
Product
commutator, 20
cross, 15, 24, 114, 221, 251
geometric, 2, 20
invertibility, 26, 119
inner, 20
de nition, 40
Euclidean, 60
of blades, 55
outer, 3, 20

anti-symmetry of, 32
de nition, 34, 39
magnitude of, 25
multilinearity of, 32
orientation of, 25

scalar, 21
Euclidean, 47, 61
inde nite, 238

triple, 222

wedge, 21

Projection, 88

of a vector, 72

orthogonal, 157

orthographic, 203

ray, 119, 137, 198

uncertain, 210

sphere, 206, 218

stereographic, 8, 83, 206, 223
Projective conformal space, 3, 82
Projective points, 107
Pseudoscalar, 19, 63

Quadratic form, 180, 239
Quadvector, 19
Quaternions, 1, 15

Random variable, 146
Realization (stochastic), 146
Re°ection, 27, 103

spherical, 6, 104
Regression, 167
Rejection, 78, 88
Residuals, 153
Reverse, 57, 225
Riemann sphere, 83
Rigid body motion, 4, 136, 195
Robustness, 148
Rodrigues's formula, 128, 212
Rotor, 122

general, 125

pure, 122

Sample, 153

covariance matrix, 168
Sandwich product, 5, 28, 88, 251
Scalar, 18, 19
Screw motion, 128
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Shuze
(u;v)-, 54, 243
Signature, 2, 18
Singular value decomposition, 193
Space
3D-Euclidean (vector), 18, 239
column, 157
conformal, 83
Minkowski, 1, 82, 223
parameter, 147
projective conformal, 3
quadratic, 17, 82, 239
vector, 236
Space-time algebra, 1
Special linear group, 24
Sphere
inscribed, 110
Stereographic projection, 8, 83
Strati cation hierarchy, 107
Subspace
blade, 42
linear, 23
Suzxciency, 147
Sylvester's law of inertia, 47
System
multiple viewpoint, 205
right-handed, 115
single-viewpoint, 203

Tangent space, 143
Taylor series expansion, 154
multivariate, 183
Tensor, 180
notation, 3, 10, 195
Thales' theorem, 139
Total probability, 150
Transformation
conformal, 82
Euclidean, 8
Translator, 120
Trivector, 19

Unbiasedness, 147
Uncertainty
of pixel, 209
visualization, 193

Variance

corrected sample, 146
Vector, 19
algebra, 15
basis, 18
binormal, 114
canonical basis, 158
conformal, 90
cross product, 15, 24, 114, 221, 251
Euclidean, 81
null, 26, 239
parameter, 153
space, 236
Versor, 67
de nition, 49
Vision
computer, 1
folded system, 203
omnidirectional, 11, 203
stereo, 221
robot, 81
sensor, 13, 203
stereo, 219

Zorn's lemma, 238



