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ABSTRACT

A virtual environment is a set of surroundings that appears to exist to a user through sensory
stimuli provided by a computer. By virtual environment, we mean to include environments sup-
porting the full range from VR to pure reality. A necessity for virtual environments is knowledge
of the location of objects in the environment. This is referred to as the tracking problem, which
points to the need for accurate and precise tracking in virtual environments.

Marker-based tracking is a technique which employs fiduciary marks to determine the pose of a
tracked object. A collection of markers arranged in a rigid configuration is called a tracking probe.
The performance of marker-based tracking systems depends upon the fidelity of the pose estimates
provided by tracking probes.

The realization that tracking performance is linked to probe performance necessitates investi-
gation into the design of tracking probes for proponents of marker-based tracking. The challenges
involved with probe design include prediction of the accuracy and precision of a tracking probe,
the creation of arbitrarily-shaped tracking probes, and the assessment of the newly created probes.

To address these issues, we present a pioneer framework for designing conformal tracking
probes. Conformal in this work means to adapt to the shape of the tracked objects and to the
environmental constraints. As part of the framework, the accuracy in position and orientation of
a given probe may be predicted given the system noise. The framework is a methodology for
designing tracking probes based upon performance goals and environmental constraints.

After presenting the conformal tracking framework, the elements used for completing the steps
of the framework are discussed. We start with the application of optimization methods for de-
termining the probe geometry. Two overall methods for mapping markers on tracking probes are
presented, the Intermediary Algorithm and the Viewpoints Algorithm.

Next, we examine the method used for pose estimation and present a mathematical model of
error propagation used for predicting probe performance in pose estimation. The model uses a

first-order error propagation, perturbing the simulated marker locations with Gaussian noise. The



marker locations with error are then traced through the pose estimation process and the effects of
the noise are analyzed. Moreover, the effects of changing the probe size or the number of markers
are discussed.

Finally, the conformal tracking framework is validated experimentally. The assessment meth-
ods are divided into simulation and post-fabrication methods. Under simulation, we discuss testing
of the performance of each probe design. Then, post-fabrication assessment is performed, includ-
ing accuracy measurements in orientation and position. The framework is validated with four
tracking probes. The first probe is a six-marker planar probe. The predicted accuracy of the probe
was 0.06 deg and the measured accuracy was 608815 deg. The second probe was a pair of
concentric, planar tracking probes mounted together. The smaller probe had a predicted accuracy
of 0.206 deg and a measured accuracy of 028203 deg. The larger probe had a predicted ac-
curacy of 0.039 deg and a measured accuracy of (0002 deg. The third tracking probe was a
semi-spherical head tracking probe. The predicted accuracy in orientation and position was 0.54
0.24 deg and 0.24- 0.1 mm, respectively. The experimental accuracy in orientation and position
was 0.60+ 0.03 deg and 0.225% 0.05 mm, respectively. The last probe was an integrated, head-
mounted display probe, created using the conformal design process. The predicted accuracy of
this probe was 0.032 0.02 degrees in orientation and 0:24.08 mm in position. The measured
accuracy of the probe was 0.0280.01 degrees in orientation and 0.£10.01 mm in position.

These results constitute an order of magnitude improvement over current marker-based tracking
probes in orientation, indicating the benefits of a conformal tracking approach. Also, this result
translates to a predicted positional overlay error of a virtual object presented at 1m of less than 0.5

mm, which is well above reported overlay performance in virtual environments.
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CHAPTER 1: INTRODUCTION

A virtual environment is a set of surroundings that appears to exist to a user through sensory stimuli
provided by a computer. Virtual environments may be classified along a virtuality continuum
shown in Figurel.l, that ranges from the real environment to a completely computer-generated

environment Milgram and Kishino, 199§

I Mixed Reality (MR) |
-—-

Real Augmen ted Augmen ted Virtual
Environment  Reality (AR} Virluaity (AYy  Environment

Virtuality Continuum {¥ C)

Figure 1.1: From Real to Virtual: The Virtuality Continuum

The continuum proposed by Milgram and Kishino, purely in the context of visual displays, can
naturally be extended to multi-modal virtual environments, that is, environments with combina-
tions of different types of stimuli. An application can therefore be classified within the continuum
according to its amount of computer-generated stimuli.

Virtual reality (VR) environments are generated entirely by computer and require immersive
displays, which only provide a synthetic view of the world. Mixed reality (MR) environments
combine varying amounts of computer-generated stimuli with the real environment. MR includes
augmented virtuality (AV), where computer-generated stimuli predominate, and augmented reality
(AR), where the majority of stimuli is present from the real environment. MR environments require
see-through displays due to the added condition of presenting virtual stimuli in spatial coincidence
with real objects, known as registratioRdlland and Fuchs, 2000

The terms “Virtual Reality”, created by Jaron Lanier, and “Artificial Reality”, coined by Myron

Krueger, were the first widely used terms applied to computer-generated synthetic environments



[Rheingold, 199]L Although the terms came into use in the late 70’s and early 80’s, the first virtual
environments were created almost a decade earlier.

The first attempt at creating a virtual environment was the Sensorama by Morton Heilig in
1960 Rheingold, 199l The Sensorama relied entirely upon film sequences instead of comput-
ers and incorporated vibrations and scents to provide a feeling of immersion in various situations.
However, the first virtual environment, an augmented reality navigational aid for helicopter pi-
lots, was created by Ivan Sutherlar@ufherland, 1968 Sutherland’s initial system used CRT
displays attached to a mechanical arm (which also served to track the user), later evolving into a
unlinked system with ultrasonic tracking. Myron Krueger developed a video-based virtual environ-
ment that used back-projection techniques to place users within the envirorkneegé¢r, 1977,
Krueger later developed the VIDEOPLACE system, which used computer vision techniques to
track users within the environment to generate visual and auditory respdtsegér, 198h
Jaron Lanier and Thomas Zimmerman founded the VR industry with the creation of VPL Inc.
in 1984 Rheingold, 199l VPL was formed at a crucial time for virtual environments; VR was a
hot technology, computer power was exponentially increasing, personal computing was becoming
ubiquitous, and increased defense spending pushed more money into the research sector. As a
result, VPL products ended up in most of the virtual environment research labs in the world. VPL
was also responsible for creating the DataGl&ienmerman and Lanier, 1987n close partner-
ship with VPL, Scott Fisher et al. also developed a computer-generated, multi-sensory stereoscopic
virtual environment that incorporated gestural ingeisher et al., 1986 Gestural input was ob-
tained from a DataGlove and the environment also incorporated sound. As a follow up to the ideas
introduced by Krueger, Carolina Cruz-Neira et al. created a projection-based Cave Automated
Virtual Environment (CAVE) Cruz-Neira et al., 1993 The CAVE immersed users in a 3D envi-
ronment using shutter glasses and video projection techniques. An extension of this technology,

the Immersadesk, was presented@z¢rnuszenko et al., 19p7



There were also pioneering efforts taking place in mixed reality. As mentioned previously,
Sutherland’s groundbreaking virtual environment was an AR system. Andrew Lippman also de-
veloped a video-based, MR environment that used pre-recorded video sequences to provide a vir-
tual ride through Aspen, Coloradhippman, 198 The system accessed the video sequences
from video disk and responded to user input through a touch screen. The first medical AR sys-
tem was conceived by Henry Fuchs in the late 1980’s and developed by Bajura et al. in 1992
[Bajura et al., 199R This research effort aimed at providing vivo fetal visualization via ul-
trasound. Whilan vivo 3D superimposition was an ultimate goal of the application, Bajura et
al. demonstrated the feasibility of superimposing virtual images within a clinical setting. Tom
Caudell and David Mizell developed a system to investigate how AR may aid in aircraft assembly
[Caudell and Mizell, 199 The system was developed at Boeing and superimposed wiring on the
field of view of the user. Furthermore, Steven Feiner et al. developed an AR system to provide

insight into printer maintenancé&¢iner et al., 1993

1.1 Tracking Technology in Virtual Environments

Virtual environments require interaction. The minimum requirement for interaction is knowledge
of the location of the user in the environment. Furthermore, if there is to be interaction with
other objects in the environment, then their locations must be known as well. Thus, real objects
must be tracked within a virtual environment. In addition, the tracking methodology used within a
virtual environment must insure accurate and precise tracking to present objects from the correct
viewpoint and to accurately register real and virtual objects.

Virtual environment tracking systems have been classified in a number of surezyisa[ 1991
[Meyer et al., 199P[Burdea and Coiffet, 1994 Durlach and Mavor, 1994 Rolland et al., 200D
[Welch and Foxlin, 200R According to the technological principle upon which they operate, the
categories of tracking systems are time-frequency measurement, spatial scan, inertial sensing, me-

chanical linkages, direct-field sensing, and hybrids thed@ofland et al., 200D



Time-frequency measurement trackers measure the time of propagation of a signal, compare
the phase difference of a measured signal to a reference, or use frequency measurement tech-
niques to indirectly measure time differences. By taking advantage of a priori knowledge of
the system configuration, these systems can be used to extract relative or absolute position and
orientation data. Examples of time-frequency systems are ultrasonic tragkenefland, 1968
[Logitech Inc., 1992 and the Global Positioning System, invented by Ivan Getting
[Farrell and Barth, 1999

Spatial scan tracking systems employ optical devices to determine the position and orienta-
tion of an object by scanning a working volume. Spatial scan trackers compute the position and
the orientation of a target by either analyzing 2D projections of image features or by the deter-
mination of sweep-beam angles. A sub-classification of spatial scan systems is outside-in versus
inside-out. Wang et al. first proposed this terminology for a subclass of optical trackers that use
beacons as target featur&8gng et al., 199D The subclass was subsequently extended to include
pattern recognition and beam sweeping systems to indicate and emphasize their common physi-
cal principles Rolland et al., 200p In the outside-in configuration, the sensors are fastened to a
fixed reference. In the inside-out configuration, the sensors are attached to a mobile target. A few
examples of the many spatial scan tracking systems are the Northern Digital Inc. OPTOTRAK
3020 Northern Digital Inc., 199p the 3rdTech Inc. Hi-Ball TrackeBfdTech Inc., 200R and the
Ascension laserBIRDAscension Corp., 2002

Inertial tracking systems use sensors to measure acceleration and rotation relative to the inertial
reference frame of the Earth. The sensor data is then used to determine the absolute position and
orientation of an object. Inertial sensors are not typically used as a sole source for object tracking;
they are generally incorporated within hybrid tracking systems. However, two examples of inertial
tracking systems are the InertiaCube by Intersense, Fuxlih and Durlach, 1994and GyroTrac

by VR Systems.



As the name implies, mechanical linkage tracking systems uses physical links between the
reference and the target. Two types of linkages are used in mechanical tracking systems. The first
type is an assembly of mechanical parts that provides the user with multiple rotation capabilities
and the orientation of the linkages is computed from the various linkages angles measured with
incremental encoders or potentiometers. The other type of mechanical linkage uses wires that are
rolled in coils. A spring system ensures tension is applied to the wires to measure the distance
accurately. The degrees of freedom of mechanical linkage trackers depend upon the mechanical
structure of the tracker. While six degrees of freedom are most often provided, typically only a
limited range of motions is possible because of the kinematics of the joints and the length of each
link. Mechanical linkage trackers have been successfully integrated into force-feedback systems
used to make the virtual experience more interactitlhierland, 1969 Brooks et al., 199D In
addition, fiber optic sensors have been used to measure pose for anatomical structures [ref force
glove, measurand].

Direct field-sensing trackers rely on sensors that measure gravitational or magnetic fields to
determine position and orientation. Magnetic trackers were introduced by Polhemus Inc. and,
later, by Ascension Technology CorporatidRaab et al., 1979 Ascension Corp., 1990 Mag-
netic trackers have a transmitter, which produces an AC or a pulsed DC magnetic field, and
receivers with three orthogonal coils. The current induced in each coil is used to determine
the position and orientation of the receiver. Recently, magnetic tracking systems have become
“wireless”, in that the receivers are attached to portable, RF activation &ailisgmus Inc., 2090
[Ascension Corp., 2001 The accuracy and precision of magnetic trackers are drastically affected
by electromagnetic interference. However, magnetic trackers continue to be widely used because
of their low cost, light weight, and compactness.

Hybrid tracking systems use a combination of operation principles, such as time-
frequency measurements combined with inertial sensing. While hybrid technologies increase

the complexity of a tracking system (and likely its cost), they are adopted either to access vari-



ables that one technology cannot easily provide (relative and absolute measurements), or to make
exhaustive measurements. In the latter case, when associated with filtering and predictive tech-
niques, sensor fusion techniques are used to associate incomplete data sets coming from different
sensor types. Examples of hybrid trackers @tafe et al., 1996 [Neumann et al., 1999and

[Intersense, Inc., 2000

1.2 Motivation

A main challenge in virtual environments is the accurate tracking of objects within the environ-
ment. There are many tracking techniques that are currently used within virtual environments. A
current technique is the placement of markers on the objects of interest within the environment and
using specialized hardware to recognize them.

An issue when implementing a marker-based tracking approach is determining the configura-
tion of the tracking probe, which is a collection of markers placed on the object to be tracked. For
tracking simple motion of a rigid object with constant curvature (implying no changes in concav-
ity), @ minimum number of markers placed in a non-collinear, yet arbitrary fashion is sufficient.
But, tracking applications involving anything other than the previously mentioned qualifications
require a larger number of markers in specific locations. For example, accurately tracking a trans-
lating, rigid cube requires only the minimum number of markers on a single side, while tracking
the motion of fingers on a hand will require a larger number of carefully placed markers.

Another issue in marker-based tracking is determining the accuracy achievable for a given
probe topology. A statistical relationship exists between the markers on a probe and the probe
performance. However, to our knowledge, there has never been a thorough investigation of where
to place markers to achieve a desired result. It would be beneficial for practitioners to know the
effects of changing the probe topology beforehand and to incorporate this knowledge into the

design process.



1.3 Research Summary

The purpose of the research is to present a framework for conformal tracking in virtual environ-
ments. Conformal tracking refers to the creation of tracking probes being constructed according to
the shape of the objects of interest (i.e., conforming) and environmental constraints. Our hypothe-
sis is that a framework can be developed to design conformal tracking probes that meet user-defined
criteria while minimizing the pose error.

Traditionally, marker-based tracking has implied the use of optical tracking methods. We ex-
pand the definition of a marker-based tracking system to include any tracking system that uses
multiple, distinct markers to determine the position and orientation of the object(s) tracked. Fur-
thermore, we extend the definition of marker to include features, which are recognizable by the
tracker, that indicate the location of objects within the range of the tracker.

The framework presented provides a method for designing rigid, conformal, marker-based
tracking probes, predicting the performance of these probes, and quantifying the performance of
rigid, marker-based tracking probes. All results are expressed in terms of visual space (i.e., dis-
tances instead of pixels). The research is valid for systems in which multiple markers are required
to determine the position and orientation of the tracked objects. In addition, the presented research

is limited to static analyses of tracking probes.

1.4 Dissertation Outline

The rest of the dissertation is organized in the following manner: Chapter 2 gives an overview of
virtual environment tracking technology and describes related work in the areas of marker-based
tracking, pose estimation, and the quantification of tracking errors.

Chapter 3 details the steps of the framework for conformal tracking. The steps are presented in

a flowchart and formally defined.



Chapter 4 describes a pose estimation procedure based upon principal component analysis. We
also detail a technique for tracking probes with markers that are not all simultaneously detected by
the tracker. We then discuss metrics for quantifying probe performance.

Chapter 5 presents a mathematical framework for propagating the effects of noise to the pose
estimation procedure. We also examine the effects of the various environmental factors associated
with creating and utilizing a marker-based tracking probe.

Chapter 6 details application of the framework to simple tracking probes. In particular, we
examine a planar six-marker probe, a concentric eight-marker probe, and a spherical head tracking
probe. We begin by discussing computer simulation of tracking probes and the pose estimation
process. Next, experimental results from the tracking probes are presented. Lastly, we detail the
application of the conformal probe design process to the creation of an integrated, head-mounted
display tracking probe.

Finally, in Chapter 7 we summarize the results and the contributions of the work. We also

examine the implications of the framework presented as it applies to ongoing research efforts.



CHAPTER 2: RELATED WORK

There have been numerous research efforts in virtual environment tracking. The major contri-
butions we shall highlight are marker-based tracking algorithms, marker-based pose estimation

algorithms, and research on determining pose errors for tracking in virtual environments.

2.1 Marker-Based Tracking Algorithms

Marker-based trackers can be categorized as active marker systems or passive marker systems. In
Sectionl.3, we extended the definition of marker-based tracking. However, in the past, marker-
based tracking has implied the use of optical, spatial scan tracking methods. Therefore, we shall
discuss optical marker-based tracking or hybrid systems which utilize optical methods.

The first virtual environment also included ultrasonic tracking technology
[Sutherland, 1968 In the system, each emitter produced a continuous sound wave at a specific
frequency. The receivers each detected a single sound wave and compared its phase to that of a
reference signal. A displacement of the target from one measure to another produced a modifica-
tion of the phases that indicated the relative motion of the emitters with respect to the receivers.
After three emitters had been localized, the orientation and position of the target was calculated.

An early research effort was the creation of a videometric ceiling tracking system
[Wang et al., 1990 The technique employs several cameras placed on the head of a user to detect
infrared LEDs mounted on the ceiling. A mathematical technique based on photogrammetry is
used to recover the position and the orientation of a tavyatifna and Ward, 1991 The tracker
had an update rate of 200Hz and was accurate to 2mm in position and 0.1 degrees in orientation.
A scaleable version of the tracker was later achieWedrfl et al., 199p

As part of a system for surgical augmented reality, Mellor introduced a marker-based method
for tracking that requires only a single imagddllor, 1999. This system was able to recover

depth information monocularly and used circular markers. The tracking algorithm uses a set of



three perspective imaging equations for four or fewer landmarks and least squares estimation for
larger numbers of landmarks. The tracker is accurate to a fraction of a pixel.

Uenohara and Kanade implemented a method to dynamically track rigid objects utilizing the
video output from the cameras of a video see-through HUBnohara and Kanade, 1999 he
tracking method uses template matching to detect at least four markers. Pose recovery is accom-
plished with a recursive optimization, based on Newton’s method, and geometric constraints. The
method is capable of tracking at 30Hz.

Ravella et al. developed a tracking method based on features present in the object of interest
[Ravela et al., 1995 The video-based algorithm used intensity maps and edge information in each
image to identify the tracked object features. By applying a steerable filter and image correlation,
the method was able to track objects across rotation at 8Hz.

A hybrid tracking system able to withstand occlusion was developed by State, et al.
[State et al., 1996 This system for registering real and synthetic objects used marker-based op-
tical tracking for accuracy in conjunction with magnetic tracking for robustness. The magnetic
tracking component is calibrated “on-the-fly” so that registration is not lost when markers become
occluded. Registration errors for the system were less than one pixel. There were no results re-
ported on errors in visual space.

More recently, the capabilities of the tracking system created by Wang et al. have been ex-
panded by utilizing sensor data immediately when it is obtaiNéel¢h and Bishop, 1997 This
utilization, referred to as Single Constraint At-A-Time (SCAAT) tracking, takes one measurement
at a time and updates the tracking system as opposed to waiting for a batch of data. The state of
the system is then sequentially updated using an Extended Kalman Filter (EKF). The tracker, now
a commercial product from 3rd Tech, Inc., is accurate to 0.5mm in position and 0.1 degrees in
orientation.

Foxlin et. al combined inertial tracking with ultrasonic time-of-flight measurements to produce

a scalable trackeiFpoxlin et al., 1998 The inertial sensor gives orientation measurements for the
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system. The ultrasonic sensors are used to correct drift within the inertial sensor and provide
3D position information. The tracking algorithm for the ultrasonic rangefinding is based upon
the SCAAT algorithm Welch and Bishop, 1997 However, the system only requires three range
measurements and uses fewer ceiling mounted acoustic emitters due to the wide field of sound
detection from microphones. An EKF is also used to provide tracking estimates. The tracker is
commercially available from Intersense, Inc. and is accurate to 3.4mm.

Neumann et al. developed a hybrid tracking method for use in outdoor AR systems
[Neumann et al., 1999The system integrated inertial and video-based tracking methods. The in-
ertial component was used to provide sourceless orientation measurements and to predict the user’s
head position. Video-based methods were then added to correct for inertial drift. The tracker has
a registration accuracy of less than 10 pixels over 500 video frames. No results were reported on
errors in visual space.

Park and Neumann also introduced two algorithms for tracking in augmented reality to in-
crease the robustness of 3-point pose solutions (three non-coplanar markers used to estimate pose)
and iterative pose estimation methoéafk et al., 1999 To improve 3-point algorithms, a real-
time approximation of Huber’'s M-estimatar{iber, 1981 was implemented to reduce the effect
of outliers among the data. A linear Kalman filter was also used for temporal data smoothing. Im-
provement to iterative pose estimation was accomplished with an iterated EKF, which is a variation
on the SCAAT algorithm\Velch and Bishop, 1997 The system has an update rate of 14Hz and
has a registration accuracy to 1 pixel with the 3-point improvements and to 0.52 pixels with the
iterated EKF. Error results for visual space were not reported.

Kato and Billinghurst implemented marker-based tracking within a video based augmented
reality system for video conferencing, now known as the AR Toolattp and Billinghurst, 1999
The markers were squares whose sizes were known a priori. Template matching is utilized to

identify markers and perspective projection matrix techniques are used to recover pose. At 0.6m,
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the tracker accuracy ranges from 5mm when the markers are perpendicular to the camera to 30mm
when the markers are tilted 85 degrees away from the camera.

Edwards et al. utilized augmented reality for overlaying MRI images during a microscopic
surgical procedureHdwards et al., 20Q0 Within the application, infrared LEDs were used to
locate the microscope and the patient’s skull, while passive markers were used with a specially
mounted device to track the patient within the microscope field of view. The application was able
to achieve registration on the order of 0.5mm for physical phantoms, 1.0mm for bones, and 4mm
on target surgical structures.

Zhang and Navab developed a marker-based tracking algorithm for use in a maintenance as-
sistance applicatiorzhang and Navab, 20Q00The authors compare pose estimation approaches
based on homography (at least four coplanar features required) and three markers without a copla-
nar restriction. The results were that the 3-point algorithm worked better for smaller areas of
interest and the homography algorithm worked better for larger areas. This result may be inter-
preted to mean that tasks which are closer at hand require more depth detail (perspective projection

important) than tasks which are performed at a great distance (size cues are more important).

2.2 Pose Estimation Algorithms

There are many techniques available for pose estimation. In general, the techniques are robust,
using minimization of a least-squares error statistic. In this section, we chose to highlight the
techniques that are most relevant to the work presented here; that is methods that utilize individual
marker data to form an estimate of pose.

An early effort from the biomechanics literature is the method proposed by Spoor and Veldpaus
[Spoor and Veldpaus, 19B0rhis pose estimation technique uses Lagrangian multipliers to mini-
mize the sum of squared errors between two sets of marker coordinates. By minimizing the sum
of squared errors, the rotation and translation between the two sets is determined. The technique

also accounts for uncertainties in the marker positions.
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A popular pose estimation method is from Arun, Huan, and Blos#iar] et al., 1987. Sim-
ilar to [Spoor and Veldpaus, 19B0a minimization of the sum of squared errors is performed.
However, the method to find the rotation and translation to minimize the error uses Singular
Value Decomposition (SVD). By using SVD, the technique is very robust and computationally
fast. Moreover, it allows for solutions in case where the data may be ill-formed, such as when
markers are close to being collinear.

A similar pose estimation procedure is the method presented by tanm[1987. Horn’s
method uses the covariance between markers expressed in two different frames to form a 4x4 ma-
trix of relationships. The largest eigenvector from this matrix is then taken to be a unit quaternion.
The property of this quaternion is it represents the rotation that minimizes the sum of squared
errors between the markers in the two frames.

Another popular pose estimation procedureHaralick et al., 198P In this work, the markers
are iteratively weighted as to reduce the effects of outliers on the pose estimation process. In
addition, the work contains numerical simulations of the pose estimation process. The simulations
present some of the first rigorous clues that noise adversely affects pose estimation. Moreover, in
using the proposed pose estimation method, the number of markers used can enhance the accuracy
of pose estimation. The procedure is applied to 2-D pose estimation, 3-D pose estimation, and 2-D

perspective projection 3-D pose estimation.

2.3 Previous Research in Pose Error Determination

There is also a significant body of work that exists on quantifying the different types of errors
present within tracking systems and their effects on pose determination. We limit the scope of our
survey of this area to research whose aim is determining errors in pose determination related to the
topology of marker distributions.

The common statistical method for error propagation involves computation of partial deriva-

tives based upon a functional relationship between the desired quantity (to which the propagated
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error will be related) and the independent variable. Provided a clearly defined functional relation-
ship exists and computation of the derivatives is tractable, this is the method of choice. However,
even in more complex cases, the general principle is still applicable.

A closely related technique for spatial error propagation is dilution of precision. Often related
with the Global Positioning System (GPS), dilution of precision is directly related to statistical
error propagation. The result of this procedure is a covariance matrix with the amounts of error in
X,¥,Z and in rotations about the principal axes. A requirement is that partial derivatives would have
to be computed for the quantities. The overall measure of goodness used is the Frobenius norm of
the covariance matrix.

Relating to the statistical method for error propagation, Woltring et al examined the effects
of marker errors on pose estimation and provided a maximum error statistic to predict the pose
error of a given tracking probe topologWpltring et al., 198% The error statistic derived used
first-order errors within its error computation. This approach dealt strictly with the case when the
markers were symmetrically distributed with respect to the probe origin. In addition, the probe
origin was coincident with the marker centroid (e.g. a tetrahedron or a cube).

In an extension of the work infoltring et al., 1985 Morris & Donath quantified the cumu-
lative effects of multiple error sources, including the effects of algorithmic errors and dynamic
target array deformation errord/prris and Donath, 1993 Based upon the work presented in
[Woltring et al., 198 a modified maximum error statistic was presented for determining the pose
error for a given tracking probe topology. The research was valid for marker distributions that lay
on a sphere and had the center of the sphere as the probe origin (e.g. a square, pyramid, tetrahedron,
etc.) .

In a context related to virtual environments, Vogt et al implemented a method for design-
ing tracking probes using a Monte Carlo simulation technigveg{ et al., 2002 The design
methodology minimized the jitter error associated with the tracking probe, using the probe radius,

marker heights, and number of markers as input variables. Because Tsai's calibration technique
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[Tsai, 1987 was utilized to determine the pose of the tracking probe, the method required probe
topologies with at least seven, simultaneously detected markers.

Allen and Welch Allen and Welch, 2004have implemented a system to dynamically model
and predict the performance of tracking systems. The ARTEMIS system uses a state-space based
approach to model the dynamics of the tracker and the probe within the tracking volume. Using a
discrete, algebraic Riccati equation, the algorithm is able to determine the steady-state performance
of a tracker and tracking probe at various locations in space.

The approach presented in this work expands upon the previously mentioned efforts by present-
ing a theoretical framework for determining pose error that is valid for any probe topology with
at least three, non-collinear markers. Moreover, the error sources for the location of each marker
are considered as an ensemble, and the error on each marker considered is thus a combination of
jitter, tracker bias, probe deformations, and the probe topology. Combined with previous work re-
garding methods for marker placemeD#lis et al., 200P[Hamza-Lup et al., 20Q2this research

represents a starting point for a general framework for designing marker based tracking probes.
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CHAPTER 3: CONFORMAL PROBE DESIGN

When implementing a marker-based tracking approach, the configuration of the tracking probe,
which is a collection of markers placed on the object to be tracked, must be determined. We refer
to the process of determining the number and arrangement of markers on a tracking probe as probe
design. Conformal probe design extends the concept of marker arrangement to consideration of the
tracking environment and the application requirements to optimize probe performance. By con-
forming to the constraints placed by the tracking environment and the application, a probe can be
designed heuristically that performs well. However, it would be more practical to establish an iter-
ative design procedure which accounts for the interrelation between environmental and application
factors.

Practitioners usually take a bottom-up approach to building applications or systems in virtual
environments, assembling pieces to create a larger whole. The result is often a "Frankenstein”
system that may accomplish the desired task, but is inelegant and causes users to conform to
it. As humans, our systems and applications should conform to us, not vice versa. Moreover,
an elegant design has advantages that may include improved ergonomics and the potential for
enhanced performance. Thus, an added benefit of this framework is to promote a top-down design
method for marker-based tracking, which allows exploration of the design space and ultimately
designing to the specifications of the application.

In this chapter, we shall first outline the steps of an iterative, conformal probe design process.
We then detail the major steps of the process. The first area discussed is performance goals for
tracking. Next, we examine environmental and application factors affecting the conformal probe
design and the tradeoffs associated with each. Following this, we introduce methods for arranging
markers upon the object to be tracked. Finally, we define metrics for quantifying probe perfor-

mance.
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3.1 A Procedure for Conformal Probe Design

The procedure for designing conformal probes is by necessity an iterative process. A starting point
is determined with necessary environmental parameters specified. From there, one or more of
the constraints are varied until a satisfactory tracking probe topology is obtained. If the topology
meets the application demands, then it would be constructed and tested. If not, the environmental
parameters may have to be adjusted to achieve a satisfactory probe design before construction and
testing.

The first step in the design process is to specify the pertinent environmental variables. As the
name implies, these variables are specific to the tracker and the application. The variables include
the tracker FOV, accuracy, and precision, the marker cone of emission (if using active markers),
the area within the tracker FOV where the probe will be utilized, and the object to be tracked. The
designer must also consider the type of tracking probe being developed, meaning a determination
must be made as to whether the markers will be placed directly upon the object to be tracked, or
indirectly through a separate structure attached to the object of interest.

Next, one must determine the desired performance specifications. The specifications may in-
clude the field of regard, the accuracy, the precision, the size, and the number of markers of the final
tracking probe. Depending upon the flexibility in obtaining a solution, some specifications may be
left for determination within the design iteration. The last step before beginning the iterative phase
is to create or obtain a 3D model of the probe body, composed of triangular polygons.

The iterative phase of the design process begins with mapping the markers on the probe. The
mapping may be done using the algorithms presented in S&802or using another systematic
method. After the mapping is completed, the field of regard of the tracking probe must be checked.
This is accomplished by simulating the rotation of the probe in 0.5 degree increments through the
desired field of regard. At each pose, we determine if at I&astarkers can be detected by the
tracker. If this requirement is not met, there are three options available. The first option is to

retry the marker mapping. This is the first option because the mapping process uses optimization
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procedures which may differ slightly because of randomization. If this is unsuccessful, the designer
may investigate adding more markers, reapplying the mapping algorithm, and re-checking the field
of regard. If the desired field of regard is still not attained, another method would be to make the
tracking probe smaller, reapplying the mapping algorithm, and re-checking the field of regard. If
the desired field of regard has not been attained, then the practitioner may have to consider relaxing
some environmental constraints.

After the field of regard requirement has been met, the next step is to achieve the desired
accuracy and precision. The accuracy of a tracking probe may be determined by simulating the
process of measuring the probe pose, changing the pose by a known amount, and remeasuring
the pose. The average difference between the two poses will give a measure of the accuracy of
the tracking probe. In simulating the process of measuring the probe pose, we utilize a custom
algorithm for propagating the errors from noisy marker data (detailed in Ch&ptéfdoreover,
we can isolate the probe size, marker noise, and number of markers and examine their effect upon
the probe accuracy. The precision of the tracking probe is determined directly from the standard
deviation of the simulated marker data. If the probe accuracy is not high enough, then the probe size
must be increased (motivating a field of regard re-check and an accuracy re-check) or the number
of markers must be increased, causing the probe to move back to the mapping process. The probe
precision is directly related to the tracker precision and the precision of marker placement on the
probe during final construction, and is therefore not directly affected by the design process.

After the desired accuracy level has been achieved, the final stage of the iterative phase is to
determine if the number of markers used and the size of the probe are satisfactory. If there are too
many markers on the probe, then a re-design is necessary, starting from the marker mapping phase.
If the probe size must be constrained, it may be adjusted provided the probe is then re-evaluated
for accuracy and field of regard considerations.

Once the iterative stages have been completed, the newly designed probe must be constructed.

The markers should be placed with care, as the precision with which the markers are placed has
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direct bearing on the overall precision. The tracking probe must then be calibrated. The calibra-
tion of a tracking probe involves establishing the local coordinate frame and computing the probe
offset (if needed), which is a small translation of the local coordinate frame to ensure robust mea-
surements. The final step in the conformal design procedure is to assess the performance of the
tracking probe by measuring its pose accuracy and precision in the laboratory.

A flowchart for the conformal probe design process is shown in Figukavith the iterative

steps shown in Figurg.2

3.2 Environmental and Application Factors

The tracking environment is specific to each tracking system and virtual environment application.
Within the environment there are several factors which could affect tracking performance. The
environmental factors which affect marker-based tracking are the tracking accuracy, the shape and
size of the tracked object, and the number of markers. Additionally, the application factors which
will affect tracking performance are the field of regard of the tracking probe as well as the number
of markers utilized. We shall now briefly summarize each factor.

The tracker accuracy and precision are the most critical factors affecting tracking probe per-
formance. The accuracy and precision of a tracking probe is directly related to the accuracy and
precision of the tracker, a relationship we explore in detail in Se&iri If the tracker cannot
provide accurate and precise measurements, then the tracking probe will perform poorly. Impor-
tantly, the level of accuracy required is relative to the application. For example, an accuracy of
0.5m is unreasonable for tracking human motion, but would be acceptable (even quite good) for
GPS. In addition, a tracker may have varying levels of accuracy depending upon where the probe
is placed within its field of view.

The shape and size of the tracked object is another environmental factor to consider when de-
signing marker-based tracking probes. Ultimately, we strive to place the markers to allow adequate

freedom of motion for the tracked object within the tracking volume and to utilize the fewest num-
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ber of markers possible. These goals are affected by the shape of the tracked object, and, thereby,
the tracking probe. Moreover, the size of the tracked object will dictate how far apart markers can
be placed. This is important because the sensitivity of a tracking probe to changes in orientation
increases as the spatial extent of its markers increases.

The field of regard is the angular extent through which a probe that is within the tracking
volume can be rotated and still remain detected by the tracking system. The minimum field of
regard requirement is determined by the application. For example, if an application requires that
an object translating with a fixed orientation be tracked, then a large field of regard would not be
necessary for the tracking probe. However, if we were to track the head of a user in an immersive
walk-through, the probe field of regard would need to be significantly larger due to the possible
range of head motions. Of the factors affecting conformal probe design, the field of regard is the
most critical because of its relation to the other factors; to change the field of regard, the number of
markers on the probe must be changed or the markers on the probe must be rearranged, i.e., change
the probe topology.

The number of markers on the probe is both an environmental and application factor. It is an
environmental factor because of marker constraints that are imposed by the tracker. For example,
an optical tracker may require the detection of at least four, non-collinear markers to determine
the pose of a tracking probe. Moreover, a tracker may be more accurate with more markers,
depending upon the algorithm(s) it uses for pose estimation. The number of markers is also an
application factor because there may be speed and accuracy issues associated with the application.
For example, if a tracking system uses sequentially activated markers, increasing the number of
markers used will lower the tracking frame rate. Also, the latency of the tracker measurements may
be affected due to increased amounts of time required to process the data from more markers, which
can lead to registration inaccuracies or cause user motion to become uncoupled from computer-

generated stimuli.
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3.3 Marker Placement Methods

To maximize the field of regard for a tracking probe while minimizing the number of markers,
the markers must be uniformly distributed in angle, meaning the overlap of the cone of emission
of each marker covers the same solid angle when projected on a sphere surrounding the tracking
probe. In addition, a sufficient number of markers must be used such that the minimum maker
constraint for the tracking system is always met throughout the desired motion of the probe.

The first challenge is determining how to generally distribute the markers for any given probe
shape. A group ofV markers can be uniformly distributed on a surface by dividing it iNto
regions of uniform surface area (such as in regular tessellation). However, this may be extremely
difficult or impossible due to the probe shape. Another possible technique for distributing markers
is to use the Platonic solids to place markers directly. The Platonic solids are, however, limited
to spheres (or spherical equivalents) and to 4, 6, 8, 12 or 20 markers. Additionally, the Gaussian
guadrature method has been previously proposed and implemented to uniformly distribute an ar-
bitrary number of markers. A Gaussian quadrature formula is a numerical integration formula,
for functions on the sphere, which is exact for all spherical harmonicsWitho, ¢) with [ < L
[Sobolev, 196@ The points on the sphere where the function to be integrated is sampled are there-
fore uniformly distributed. The number of sample points is determined by L, and increases as L
increases. However, the Gaussian quadrature formulae do not generalize to other shapes.

Thus, arobust approach to use when placing markers on arbitrarily shaped rigid probes is global
optimization. In this section, we present a modified version of the simulated annealing algorithm
for uniformly distributing markers on spherical objects. The marker distribution algorithm may
also be extended to other shapes that can be defined via parametric equations. We then present
two conformal mapping algorithms for placing markers on arbitrary objects using our modified

simulated annealing algorithm.
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3.3.1 The Modified Simulated Annealing Algorithm

The goal of an optimization procedure is to find a combination of variables that minimize or max-
imize a given quantity. The function that defines the relationship between the variables and the
desired quantity is known as an objective function or a cost function. For mapping markers on

a tracking probe, the cost function must express the relationship between the positions of each
marker and the overall distribution of the collection of markers. If the markers are modeled as
point charges, then a functional relationship can be inferred from the concept of potential energy.
From physics, we know that a pair of point charges in free space have a potential energy propor-
tional to the inverse of the distance between them. Furthermore, the potential energy of a collection
of point charges increases as the sum of the pairwise energy interactions experienced by each point

charge. Therefore, the simplified cost function utilized is

N

N
o Zr_ (3.1)

i=1 j=i+1 Y

whereN is the number of markers amg is the Cartesian distance betweendtieand;th marker.

By definition, minimizing £ will maximize the distance between the markers, subject to the
constraints imposed by the dimensions of the object upon which the markers will be mapped.
To minimize the cost function and thereby uniformly distribute markers on a tracking probe, we
choose to apply the method of simulated annealing. The method of simulated annealing (SA) was
first used in an algorithm designed to simulate the cooling of a material in a heat bath by Metropo-
lis in 1953 Metropolis et al., 1958 In 1983, Kirkpatrick suggested that this type of simulation
could be used more generally to search the feasible solutions of an optimization problem, with the
objective of converging to an optimal solutiokifkpatrick et al., 198B[ Dowsland, 199B

The SA optimization process is analogous to the metallurgical process of annealing, which is
used to increase the strength of metals by minimizing the potential energy between molecules. In

this process, a metal structure is heated past its melting point, allowing the molecules to move
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freely throughout and increasing the overall potential energy. The metal is then slowly cooled.
Although there is a probability that a given molecule may move to a higher energy state (based
upon physical laws and related by Boltzman’s constant), the overall trend is for the molecules to
move to lower energy states, reducing the potential energy. Moreover, the probability of a molecule
moving to a higher energy state is directly proportional to the current temperature of the metal,
meaning that the cooler the metal gets, the less likely that its molecules will enter higher energy
states. Eventually, the metal returns to a solid, locking the structure of the metal. If the process was
performed well, that is, the metal was made hot enough and the cooling was done slowly enough,
the molecules of the metal will be in the minimum (or very close to minimum) potential energy
state, resulting in a very strong metallic structure. If the metal was not heated enough or cooled
slowly enough, the resulting metal will have imperfections, creating weak spots or brittleness.

If we consider the solution space for our optimization as the structure of the metal, we can
see certain trends and strategies for SA. The location of the molecules within the metal represents
different solutions. The movement of the molecules represents our search of the solution space.
The movement is facilitated by higher temperatures. The temperature change is dramatic at higher
values and minute at lower values, allowing the system greater fluctuation at higher temperatures
while allowing it to “settle down” as it reaches lower temperatures. This results in a larger area of
the solution space being searched at the beginning of the algorithm, while the solution is slowly
refined. If our system is “heated” and “cooled” appropriately, then we will insure an adequate
search of the solution space for our problem. By applying a probability of movement to a higher
energy state, local minima can be avoided while narrowing the solution space. Finally, the metal
coming back to a solid state represents reaching an optimal (or close to optimal) solution.

We now describe the algorithm as applied to the distribution of markers on a sphere, with
extensions to the traditional SA algorithm indicated in the text. To start, an initial temperature
is chosen and the number of points to be distribut¥d,is determined. The points are placed

randomly on a sphere of unit radius. The annealing process begins with the computation of the
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starting value of the potential energy of the systéinwhich varies inversely with the distance
between all the points on the sphere.

After computing the starting energy of the system using Equéidnan iterative process
begins. First, the system temperature is decreased according to the cooling schedule. Next, a point
on the sphere is chosen randomly and moved randomly in azimuth and elevation on the surface
of the sphere. The current energy of the system is then calculated . If this current energy is less
than the previous system energy, then the move is accepted. If the current energy is more than the
previous system energy, a probability of accepting the move is generated based upon the current
temperature. The equation used for computing the probability of accepting a point movement is

given by

o~ A/T

e

_
eAT 417
whereA is the change in energy of the distribution due to the point movemenft anthe current
temperature. A uniform random number between zero and one is generated, determining whether
the point is moved. If the random number is less than or equal to the probability in Equation
3.2, the selected point is moved. Otherwise, the point remains stationary. In either case, another
point is selected and moved following the same criteria uUitilterations have been performed
at the current temperature. Aftéf iterations, the temperature is decreased and the process is
repeated at the next lower temperature. When the system temperature is less than 0.1, the iterative
process stops and the system freezes. The final energy value and the distribution of the points are
then computed. The markers are mapped to the point locations. A flowchart of the modified SA
algorithm is presented in Figu®3.

Differences between the SA algorithm presented and that employkahkpétrick et al., 1983

appear in the implementation of the cooling schedule and the probability expression. A geomet-
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ric temperature reduction was chosen instead of an exponentially decreasing cooling schedule,

decreasing the system temperature by a fixed percentage of the current temperatéfetafser

tions.
Start
Annealing
npouis: i Reduce Temp
Iteratiors at Each Temp m;'f;r:"la:i::f Dioro—s According to
Mumber of Poinke ‘D Cocling
Irifal Temperature ot Hene ached ule

Ellipscid Dimensions

Mext [teration

Place Points

Handomly on
Ellipsad Slect a Point
andiove it
Compute -
Shartng Calculate
Energy Enargy
Calculake
N Proba bility of
Accepiing
Move

s Mowve

coaptad Yes il A

Mo
Beturm Het;{rﬁ Fant io
Staring
Location

Figure 3.3: The Modified Simulated Annealing Algorithm

The exponential temperature reduction was proposed because of its simplicity. Also, a simplifi-
cation of the traditional probability expression was employed as shown in EquaflorHere,
Boltzman’s constant was removed and the expression was rationalized to give values that fall be-

tween 0 and 0.99.
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To apply the modified SA algorithm to shapes that can be defined parametrically, e.g. an ellip-
soid, we use a slightly different cost function. Instead of using a potential energy function based

upon Cartesian distances, we base the function upon arc lengths. Thus, E§uatiecomes

N

Yo
E = Z;, (3.3)

i=1 j=i+1 "%

wheres;; is the arc length between thth and;th point. This change allows objects with non-
uniform curvatures to have marker mappings that maximize the field of regard for the tracking

probe.

3.3.2 Conformal Mapping for Arbitrary Objects

Conformal mapping is a mathematical technique for transforming one solution space to another
using complex variables. Traditional conformal mapping techniques could be applied for placing
markers on objects whose shape is defined mathematically or can be easily approximated. How-
ever, we generally do not know the shape of the tracking probe and must rely upon other methods.
We have implemented two techniques for placing markers on arbitrary 3D objects. The first tech-
nique is based upon texture mapping and uses an intermediary surface to place markers. It is used
for regular objects, meaning that the object is mostly convex and does not undergo large or fre-
guent changes in concavity. The second approach involves simulating the detection of markers
with virtual viewpoints and is used when placing markers on objects that are irregular. Both map-
ping techniques require a 3D, triangular polygonal model of the object, which can be obtained by

digitizing the object.

3.3.2.1 Marker Mapping with Intermediary Surfaces

To solve the problem of mapping markers on arbitrary objects, we can utilize a mapping technique

that is applied with an intermediary three-dimensional surface. The technique is similar to texture
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mapping in that a region of the intermediary surface (the region being a marker instead of a surface
patch) is projected onto the arbitrary object. The intermediary surface used is an ellipsoid, simpli-
fying to a sphere when the ratio of the largest to the smallest eigenvalue of the dispersion matrix
of the vertices comprising the arbitrary object is less than ten.

The equation of the ellipsoid is derived from the characteristics of the 3D model of the object.
The center of the ellipsoid is chosen to correspond with the centroid of the 3D model. The radii
of the ellipsoid are given by the norms of the eigenvectors that characterize the distribution the

vertices of the 3D model of the object, the principal axes. The distribution of the vertices is
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represented by the dispersion matrix. Givgrvertices, the 3x3 symmetric dispersion matiix,

is defined as

N
1 S x%”

with
)/Ei =X; =X, (35)

wherex; is the location of theth vertex,x is the centroid of the vertices, and is a 3x1 vector
representing the location of thieh vertex with respect to the centroid of the vertices. The final
intermediary surface is a proportional ellipsoid scaled to encompass the vertices of the 3D model.

After defining the ellipsoid for the intermediary surface, we use the simulated annealing algo-
rithm in Section3.3.1to uniformly distribute points that represent marker locations on its surface.
The 3D model of the object is then placed within the intermediary surface, with the principal axes
and the centroids of each aligned. The points are mapped to the 3D model by casting a ray from
each point on the intermediary surface to the centroid of the 3D model. The final location of the
markers on the model are determined by tracing these rays to their intersections on the 3D model.
A flowchart of the intermediary algorithm is illustrated in Figu&d.

To determine the points of intersection on the 3D model, we start witdfheertices of the
model andN points on the intermediary surface. For each point on the intermediary surface, we
compute the equation of the parametric line containing the point and the centroid of the 3D model.
We first determine if the triangle is candidate for intersection by computing the dot product of
its normal and the vector between the centroid of the model and the point on the intermediary
surface. If the dot product is greater than zero, then the angle between the vectors is less than 90
degrees, indicating that the triangle does not face the point on the intermediary surface and can be
eliminated from consideration. If the dot product is negative, then we make two comparisons of
the line to the set of triangles that comprise the 3D model. We check that the line intersects the

plane formed by the triangle vertices and if the intersection point is within the triangle. If these
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conditions are all met, then the point on the intermediary surface is mapped to the triangle under

consideration. A flowchart of the method for determining intersection is given in F&jbre

3.3.2.2 Marker Mapping with Virtual Viewpoints

In general, marker-based trackers must detect at least three markers to determine the pose of a
tracked object. Therefore, we attempt to place markers upon an object to meet this requirement.
From the perspective of the tracker, the markers are detected or “in view”. Knowing the point
of origin and extent of the tracking volume, i.e., the tracker “view”, we can reverse the problem;
instead of placing many markers on the object to conform to one “view”, we could place many
“views” around the object and determine where to place a marker. We can achieve this reversal by
using the 3D model of the object and placing it at the center of an intermediary sphere. The sphere
would then have the “views”, which we call virtual viewpoints (or just viewpoints), represented by
points optimally distributed on its surface using the method given in Se8tid or distributed
according the desired field of regard. By counting the number of times a polygon is “seen” by one
of the virtual viewpoints, we can determine the optimal placement of markers. The centers of the
polygons that are “seen” most often are chosen to become the marker locations.

To create a tracking probe using the viewpoints algorithm, we start by distributing the view-
points on the intermediary sphere surrounding the 3D model of the object. The intermediary sphere
has a radius that is twice the maximum distance between two vertices in the triangular mesh of the
3D model to ensure enclosure. For each viewpoint, we then determine whether a marker placed
on any of the triangles in the 3D model could be “seen” by the viewpoint. The determination is
based upon the angle between each triangle normal and the vector from the center of the triangle
to the viewpoint in question. If the angle is less than half of the field of emission of a marker,
then the triangle can be “seen.” If the markers being considered are passive, then the angle must
be less than 90 degrees. In either case, the number of viewpoints that can “see” the triangle is

incremented by one. This test is applied to all the triangles in the model with respect to the same
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viewpoint. The process of testing for triangles which can be “seen” is repeated for all viewpoints
on the intermediary sphere. Once all the viewpoints have been tested, the triangle which has the
highest viewpoint count is selected as a final marker location and is removed from further consid-
eration. Each viewpoint that can “see” this triangle also has its marker count incremented. Once
a viewpoint can “see’K triangles (its marker count equal$), it is removed from consideration

also. The process for determining how many triangles are seen by the viewpoints is continued
until all viewpoints “see’K triangles. The final marker mapping is then saved and used for further
analysis.

A potential problem with the viewpoints algorithm exists when dealing with complex objects,
that is, objects that cannot be defined by simple mathematical functions or simple parametric equa-
tions. For example, if we were trying to map markers on a 3D “U,” there would be triangles that
satisfy the “seen” requirement due to their normals, but would be “hidden” because they were lo-
cated on a part of the “U” that was obscured by another portion of the letter. This is the situation
that occurs if one imagines holding the “U” upright in your hand, rotating it 90 degrees to the
right, and trying to view the inner portion of the “U.” The solution to this problem lies in using the
parametric equation of the line passing from the viewpoint through the center of the triangle being
considered. Once we have determined that a triangle can be “seen” by the viewpoint, we check
to see if the line intersects any other triangles. If intersections occur beyond the first triangle, we
check the angle criteria for each additional triangle intersected by the line. If we determine that
the additional triangles pass the “visibility” test, we determine the point of intersection of the line
for these triangles. We then substitute the intersection points for each of the “visible” triangles that
intersect the line (including the triangle we started with) into the parametric equation and solve for
the linear parameter. The intersection point that gives the smallest linear parameter is inside the
triangle that is closest to the viewpoint, and, therefore, the triangle that is actually “seen.” The other

triangles that gave false “visibility” tests are removed from further consideration for the given
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viewpoint. Flowcharts illustrating the virtual viewpoint algorithm and the method for updating the
number of times a triangle is “seen” are given in Figudedand3.7, respectively.

The benefits of the virtual viewpoint algorithm compared to marker placement with the inter-
mediary surface algorithm are threefold. First, this algorithm minimizes the number of markers
used for the tracking probe. Second, it guarantees that atAéasarkers are visible from each
viewpoint, wherekK is the minimum number of markers that are necessary for different tracking
systems. Finally, a tracking probe with a custom, large field of regard can be created by increasing
the number of viewpoints and arranging the viewpoints to emphasize a particular direction (e.g.
putting the viewpoints at the front of an HMD).

The cost function of the intermediary algorithm is based upon maximizing the distance between
neighboring markers, while the viewpoint algorithm maximizes the number of times a triangle is
“seen.” The intermediary approach, therefore, yields a configuration that is optimal in terms of the
field of regard, while the viewpoint algorithm minimizes the number of markers and achieves the
desired field of regard. Combined with the advantages listed in the preceding paragraph, these
facts make the viewpoint algorithm the marker mapping technique of choice in most cases.

A drawback of the viewpoint algorithm, however, is its sensitivity to the density of the triangles
on the 3D model. For example, a flat surface can be represented with relatively few polygons,
while a complex, curved surface requires many polygons. If a complex feature on the 3D model
is prominent, then many markers may get mapped in a very small area when one marker may be

sufficient. Thus, the intermediary algorithm may provide better results in this case.

3.4 Metrics for Probe Performance

The accuracy of a measurement is defined as “the qualitative expression of the closeness of the
result of a measurement to the true value of the measur&taliihovich, 199b. A quantitative
description of this concept is absolute error, defined as “the difference between a value of a measur-

and obtained by a measuring instrument and the true value of the measuRabdiqvich, 199b
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Resolution, on the other hand, is defined as “the smallest interval between two adjacent values of
the output signal of a measuring instrument that can be distinguiskRaifovich, 199p Fur-
thermore, related to resolution, is the repeatability (precision) of a measurement, which is defined
as “the closeness of agreement among a number of consecutive measurements for the same mea-
surand performed under the same operating conditions with the same measuring instruments, over
a short period of time”RRabinovich, 199b

Armed with these definitions, we can begin to define metrics to quantify the performance of
a tracking probe. The metrics of interest include the accuracy, resolution, and precision of pose
estimation for a given tracking probe. The field of regard of a tracking probe is also a metric of
interest, but is easily determined. The difference in reported and actuallpfsean be expressed
in terms of position, orientation, or a combination of both. In position, the difference is expressed
as

AP = HTreported - TactualH 5 (36)

whereT is the translation of the tracking probe. In orientation, we calculate the difference as a

concatenation of two quaternions, expressed as

AP = QTeportedqactual_l ) (37)

whereg,.porieq 1S the quaternion representing the measured orientatio.ang is the expected
orientation. To combine position and orientation measures, we use a sum of squared errors expres-
sion, applying the rotation and translation of the probe to each marker locations expressed in the

local frame of the tracking probe;. The combined relationship is expressed as

AP =

N
1
N g H(Rreportedxi + Treported) - (Ractual:ci + Tactual) ’ ‘2 ) (38)
=1

whereN is the number of markers on the probe. Practically, the difference in reported and actual

pose must be measured in relatively, i.e., from a given starting position, translate the probe by a
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fixed amount and measure the difference between what is reported by the tracker and the actual
displacement. A similar procedure can be performed for orientation.

The field of regard is the angular extent through which a probe can be rotated and still remain
detected by the tracking system. It can be measured by placing the tracking probe upon a rotating
stage/platform and observing when the probe is detected and lost. We start by placing the probe
in an orientation where it is not detected by the tracker. Then, the stage is rotated slowly. At the
moment the probe is detected, we record the quaternion, that expresses the probe origntation,
The probe is then rotated until it is no longer detected by the tracker. At that instant, the quaternion
corresponding to the final probe orientatigp, is recorded. We can determine the quaternion that

expresses the transformation betwegandg; as

Qresult = quoil (39)

extracting the field of regard from the scalar portiorQf..;;.
At this point, we have defined a procedure for conformal probe design, factors to consider
during the design, and metrics for quantifying probe performance. In the following chapter, we

detail the process by which the position and orientation of a tracking probe are determined.
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CHAPTER 4: POSE ESTIMATION

Pose estimation is the determination of the position and orientation of an object. In a marker-based
tracking scheme, it involves estimating position and orientation based upon the 3D positions of the
markers in some fixed, external reference frame.

Many methods exist for pose estimation based on fiduciary markers. Often, the procedure
for determining pose is based upon Principal Component Analysis (PCA), sometimes called the
Karhunen-L@ve transform. The idea of principal component analysis was first proposed by
Pearson Pearson, 1901 A practical method for discrete computation of the principal compo-
nents was first presented by Hotelling in 1938ofelling, 1933. The analogous transform for
continuous functions was presented by Karhunen in 18&rHunen, 194]rand Lcéve in 1948
[Loéve, M, 1948[Sayood, 1990 de Ridder, 2004

In this chapter, we introduce a method for pose estimation based on PCA that expands upon the
ideas presented in the fundamental literature. We begin the chapter by discussing geometric and
PCA-based procedures for determining a rigid coordinate frame, including the case where all the
markers on a probe cannot be simultaneously detected. We then discuss methods for PCA-based
pose determination. Finally, we discuss procedures of analyzing the errors resulting from the pose

estimation procedure.

4.1 Determining a Coordinate Frame

The first step of any pose estimation algorithm is to determine the local coordinate system, or local
frame, of the tracked object. A marker-based tracking scheme requires at least three non-collinear
markers to create a local coordinate frame. The coordinate frame can be created using geometric

methods or PCA-based methods.
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4.1.1 Geometric Frame Determination

Geometric frame determination methods exploit the fixed relationship between the location of

markers as expressed in an external coordinate frame, referred to as the global coordinate frame.

In the past, we have determined local coordinate frames using vector product relationships.
Given K markers on the tracking probe, the frame determination method starts by obtaining the

position of three non-collinear markers with respect to the tracking system. We denote the markers

asyg, with & € [1, K|. Eachyy, is a 3x1 column vector. Assuming the creation of a right-handed,

xyz Cartesian coordinate system using markers 1, 2, and 3, the +x-axis in globalssadefined

as

2N (4.1)
ly2 =yl

The +z-axis in global spacé€iis defined as
Fopx Y3V (4.2)
lys =yl

The +y-axis in global spacg,is defined as

(4.3)

&y
X
8y

The origin of the axes in global spaa®,, can be defined as either the centroid of the markers, or

as the location of;. They, are now expressed relativedy,, as

Vi =yr— Oy . (4.4)
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Finally, the locations of the markers in the local coordinate fratpeare expressed as

x, = Vly, | (4.5)

whereV = [ZyZ]

4.1.2 PCA-based Frame Determination

A PCA-based frame determination has several advantages over a geometric frame determination.
One advantage is that PCA takes into account the distribution of the markers when forming the
coordinate frame. Thus, the axes of the local frame correspond to the symmetries and trends of
the marker distribution. Another advantage of PCA versus geometric frame determination is that
the covariance matrix of the data will always yield the same set of coordinate axes relative to the
marker distribution. This is independent of the order in which the marker locations are specified, as
opposed to a geometric determination which is very heavily dependent upon the particular markers
considered and the order in they are considered. A PCA based frame determination also allows
marker weighting, if desired, to optimize frame determination based upon user-defined measures
of importance, e.g., a marker with a high fidelity is given more weight than a marker with poor
fidelity.

The premise of PCA-based frame determination is that the eigenvalues of a matrix character-
izing the distribution of markers on the probe are invariant, even though its eigenvectors vary (but
remain fixed relative to the marker distribution) according to the pose of the object. We can take
advantage of this invariance property to build a local marker frame, defined with the eigenvectors
of a matrix that characterizes the marker set, the covariance matrix.

To determine the local coordinate frame of the probe, we assume that the marker locations are
known in the global frame. In our case, the global frame coincides with the coordinate frame of

the tracking system. GiveR markers on the tracking probe, we denote the markess. awith
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i € [1,K],andK > 3. Eachyy is a 3x1 column vector. The centroid of the marker distribution in
the global frame isr. We also defing;, as the global coordinates of tiiémarkers with respect to

the centroid. That is,

V=Y —Y . (4.6)

We refer to the marker location defined with respect to the centroid as markers in a pseudo-local
frame.

We start the frame definition process by finding the covariance matrix for the data. Often, a dis-
persion matrix is used, which is a form of a spatial covariance matrix over the marker distribution.

We choose to utilize a dispersion matrld, defined as

1

D=— 4.7
K 2 YeyYe (4.7)

whereD is a 3 x 3 symmetrical matrix.
After forming the dispersion matrix, we find its eigenvectors, normalize them, and use them to
determine the transformation between the data in the pseudo-local frame and the marker locations

fully expressed. Thus, we can express the local coordinates of the probe markess,
x, = V'y}, . (4.8)

4.1.3 Extension to Probes with Hidden Markers

The frame determination processes described in Seatidnsand4.1.2are valid when the track-

ing system is able to detect all the markers on a probe simultaneously. However, when tracking
systems are subject to occlusion it may not be possible to detect all the markers at once. We now
present an extension of the method in Secddh2to determine a local frame coordinates in the

case when some markers may not be detected, or "hidden,” in certain probe poses.
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First, the tracking probe is placed in an initial pose where at least three markers can be detected
by the tracker. We measure the global coordinates of all markers that are able to be detected in
this starting pose. Then, an initial local frame is built from the preliminary marker locations using
the method from Sectiod.1.2 This initial local frame is referred to as a partial local frame.
Furthermore, these markers whose global locations are determined from the initial pose of the
probe are called "old” markers.

Next, the probe is slowly rotated. This allows previously undetected makers, or "new” markers,
the chance to be detected by the tracker. However, the "new” markers must be detected concur-
rently with at least three "old” markers. When the "new” markers are detected, the rotation matrix,
R¢_pr, and translation vectot,_p;, from the partial local frame to the global frame are calcu-
lated using the method detailed in Sect.2 A scaling transformation is unnecessary at this
stage because we are using normalized coordinate systems.

The inputs to the minimization are the "old” marker coordinates in the partial local freme,
and the "old” marker coordinates, in the global frame measured in the current pose. After the
rotation matrixR_p;, and the translation vectay; p;, are determined, we compute the local

coordinates of the "new” markers in the current local frame as

xr = Ra_pr” (¥ — ta_rr) - (4.9)

Finally, with all the "new” markers expressed in the local coordinate system, we again compute the
dispersion matrix and eigenvalues (Sectbh.? to find an estimate of the new local frame and

then compute the new local coordinates of the markers. We repeat this process as the real object
is slowly rotated until all the markers have been visible. This technique allows us to build a local

frame for any kind of marker set and quickly calculate the local coordinates of the markers.
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4.2 Pose Estimation

Once a local coordinate system has been been defined for a tracking probe, the pose of the probe
can be determined. The probe pose consists of the location and orientation of the probe, represented
as a coordinate transformation from the local frame to the global frame. The pose of a tracking
probe may be determined using methods that rely upon direct computation or by methods which
use optimization to estimate the best solution. Both approaches are discussed in the following

sections.

4.2.1 Direct Computation of Pose

By using the data available from three markers, the pose of a tracking probe can be computed
directly. Given three markers in the local coordinate frame, denoted, ds € [1, 3], we can

express the marker locations in the global frame,as

Y=RX+T, (4.10)

whereY is a 3x3 matrix of the global marker locationX, is a 3x3 matrix of the local marker
locations,R is a 3x3 rotation matrix representing the rotation from the local to global frame, and
T is a 3x3 matrix, with three identical columns composed of the translation from the local frame
to the global framet. If the y;, andx; are known, theR andT can be computed directly by first

finding R thenT. Based upon the fact that

yi = Rx;+t¢t
y2 = Rxp+t

Y3 = RX3+t )
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we know that there is tisuch that

(yi—t)-(y;—t) =x3 - x5 ,

where

Y —Xp £t .

(4.11)

(4.12)

Given this relationship, we can construct two matridéssndV. The first two columns otU and

V are expressed as

U =ys3— Y2 Vi = X3 — X2

U2 =Yy1 — Y3 Vo = X1 — X3 .

To find the third column olJ andV, we use the fact that

RV1 = U

:>R(V1XV2):L11XL12 .

RVQ = U2

Therefore, we can express the third column&JadndV as

U3 = Uuj; X U9

Vg3 = Vi X Vg .
So, we can expreds andV as

U = [u1 Us U3]

V = [Vl Vo Vg]
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and we can expred3 as

R = UV (4.14)
Using this result foR,, we can then computeas

4.2.2 Optimization Approaches: Least Squares Estimation

The problem with determining pose by direct computation, however, is that the solution is not
robust, given that the marker data are noisy in practice. A more robust method for determining the
pose of a tracking probe is with optimization. For noisy datasets, optimization that incorporates
PCA will minimize the variance between elements of the data. Some popular marker based pose
estimation methods that incorporate least-squares optimizatiorSpmof and Veldpaus, 1980
[Arun et al., 198Y, [Horn, 1987, and [Haralick et al., 198P In addition, these methods often use
PCA as part of the optimization process.

We use a least-squares optimization method in combination with PCA to find the pose of a

tracking probeR andt are computed by minimizing the weighted errgrjefined as

K
e®,t) =) wil yr —Rxp—t |, (4.16)

k=1

whereK is the number of markers detected by the trackgis thek® marker coordinate defined
in the global frame, ang,, is thek'* marker coordinate defined in the local frame.is the weight

of the k' marker that quantifies the robustness of the marker data against noise measurements and
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its relative motion on the real object. For a rigid probe, we set all the weights to one, although the
weights may be varied to provide emphasis to different markers.
We define and compute new coordinates with respect to the weighted centrartty, of the

markers in each frame given by

X, = Xp—X (4.17)
Ye = Ye—Y
where
1 K
x = —Zwkxk (4.18)
W k=1
1 K
y = szk}% (4.19)
k=1
with
K
k=1

The error function (Eg4.16) can be rewritten as

K
(R t) =D wil yi — Rx — t/ || (4.21)

with
t'=t—y+Rx (4.22)

We can rewrite the error expression as

K
eR.t)=> (v —Rxz—t)- (p —Rxj, - t) . (4.23)
k=1
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Taking the gradient of,

K
Vee = 2 wylyr — Rxq — 1] (4.24)
k=1
K K K
= 2) wyr— 2R wiXp -2 uyt! (4.25)
k=1 k=1 k=1
= 0—0—2Wt . (4.26)

When the error is minimizedyy e = 0, which means that' = 0. At this point, we can write as

a function ofR:

K
eR) =Y wil yr — Rx;, |’ (4.27)
k=1
Expandinge, we get:
K
eR) = > wi(yr — Rxp)" (v — Rx) (4.28)
k=1
K
= Y wi(yr yr + % R'RX; -y Rx;, — % R'yp) (4.29)
k=1

which is a scalar. Becau®’'R = I, we can rewrite as:
K
eR) = wi(yr yr+% % — 2y RX;) (4.30)
k=1

Moreover, because the produds’ X, andy} 'y are scalars, minimizing(R) is equivalent to

maximizing a function oR defined as (using Edt.30):

K
FR) =) wiyr RxXi (4.31)

k=1
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At this point, the idea is to solve the maximization fffR), then solve foR. Furthermore,
whenR is found,t is obtained by

t=y - Rx (4.32)

R can be calculated through a process that uses Singular Value Decomposition (SVD). sken a

m matrix, A, SVD is a technique by whicAA can be inverted. Formally, SVD allows the row space

of a non-invertable matrix to be mapped to a column space. SVD computes the pseudoinverse of
A, allowing transformations between vector spaces whegem. In our case, SVD will be used

to convert the results of the error functions into a form whose maximum can be easily identified.

Rewriting f(R) from Equatiord.31

K K
fR) = Z wyn RX, = Trace(z wRXeyr' ) = Trace(RH) | (4.33)
k=1 k=1
where
K
H=> wXyr - (4.34)
k=1

It can be shown thafrace(RH) will maximize f(R) if it is decomposed into a form lik& A,
which is positive definitiveArun et al., 1987. Also, by maximizingf(R), R will be determined.

SVD provides a solution to this problem. We take the SVHofo be

H=Urv?” | (4.35)

whereU andV are orthonormal matrices, ard (the matrix of singular values) is a diagonal

matrix with non-negative elements expressed as:

m 00
r = 0 v 0 (4.36)
0 0
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Ji 00 Ji o 00
= 0 v O 0 Vi O (4.37)
0 0 7 0 0 7
— ccT (4.38)
Let X = VU, which is orthonormal. Then,
XH = vu'urv? =vccrv? | (4.39)
Next, letA = VC. Then,
XH = AAT | (4.40)

XH is positive definite and symmetric. Therefod€, maximizesf(R). As a resulte(R,t) is
minimized whenX = VU7, which yields a solution foR. However, there are two possible
solutions becaus¥U” is orthonormal. lidet(X) = 1, thenX = R.. If det(X) = —1, thenX is

a reflection ofR. We can express a general solutionPBoas

10 0
R=V |0 1 0 Ul . (4.41)

0 0 det(VUT)

The translationt, is then expressed as

t=y—Ra . (4.42)

4.3 Error Analysis in Pose Estimation

After estimating the pose of a tracking probe, methods must be available to assess the accuracy

of the results. From the formulation in Sectidr2.2 we are provided with a built-in method for
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analyzing the combined effects of errors in position and orientation. Thus the average pose error

is computed as

K
1 2
error = %,}:1 wi|| yr — Rxp —t |7 . (4.43)

The average error has unitg:gth?, meaning that it expresses the variance of the estimation pro-
cess for a given probe. This figure of merit by itself has the slight possibility of being misleading,
as least-squares measures are subject to interference from outliers. In this case, one could adjust
the weight factor attached to the marker whose data is suspect.

In the next chapter, we explore how various constraints in the probe design process and the
tracker itself can affect pose estimates. These constraints can be modeled as noise effects and
propagated through the pose estimation framework to ascertain their effects upon the estimation.

Furthermore, in Chapté&we examine how the error analysis is experimentally validated.
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CHAPTER 5: THE EFFECTS OF ENVIRONMENTAL AND APPLICATION
FACTORS ON POSE ESTIMATION

In designing conformal tracking probes, we must know how proposed design changes may affect
probe performance. This requires defining the factors which affect pose estimation and quantifying
the effects of each factor. Considering a static measure of pose for a rigid tracking probe, these
factors include the tracker accuracy and precision, and the amount of error in determining the
local frame of the probe, the probe topology (that is, the number of markers, how the markers are
arranged, and the spatial extent of the tracking probe), and the marker cone of emission, if active
markers are used.

When determining the pose of a tracking probe, an ensemble measurement of noisy data is
used. Thus, to quantify the effects of the factors, we must first understand how the noise in the
data is expressed in the result of the pose estimation process. After quantifying the noise effects,
the individual factors for pose estimation can be studied.

We first examine an overall procedure for propagating the effects of noisy data to pose estima-
tion. Using this procedure, we then determine how the tracker accuracy and precision affect the
pose estimation process. Next, we study the effects of probe size and shape on pose estimation.
We then determine how the number of markers and the marker field of emission affect the pose

estimation process. Finally, we summarize the results of this chapter in a tracking factors matrix.

5.1 Noise Propagation in Pose Estimation

The data obtained from a tracking system are noisy to varying degrees. The noise will result in
errors in determining the global location of markers. Furthermore, this measurement error will
propagate to the determination of the local coordinates of markers on a tracking probe. The errors
in global and local marker locations will result in an error in the computed pose of the tracking

probe. Thus, it is imperative to know how errors in determining marker locations (global and local)
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affect the determination of the pose of a probe, which we accomplish by developing a model for
error propagation in pose estimation. Previous methods for error propagation do not provide the
capability of studying the effects of various factors on the process of pose estimation. Thus we rely
upon a customized approach to first-order error propagation.

Our error propagation model is based upon the least-squares minimization procedure to find

the pose of a tracking probe. We now summarize the results from SdclighGiven K markers,

local marker coordinates,, global marker coordinates,, and weightsu, (fork =1,..., K), let
K
wW=3 w (5.1)
k=1
and
1 K
X = W WEXf (52)
k=1
1 K
y = W Z WEYk
k=1
If we define
Xp = Xp—X (5.3)
Sf\]; = Y Y,

thenH is given by
K

H=> wXyr . (5.4)
k=1
The SVD ofH is written as
H=Urv’” . (5.5)

The matriced/, I', andV are orthogonal (by definition of the SVD) and are determined by the

54



eigenvalue equations

H'Hv,, = unvm 5.6
il

HH u,, = JI | P

form=1,..., M, whereM = 3, the dimension of the coordinate vectors in non-homogeneous,
cartesian coordinates.

Proof for Eq. 5.6

H'H = vr‘u’urv?® (5.7)
= vr’rv’
= V(diag(p, pa, p3) V"
= H'HV = V(diag(u, pt2, j13)

= H'Hv,, = v, &

where i, 1o, andus are the singular values @. With the normalized eigenvectors from the

equations irb.6, we construclU, V, andll’

V = [vi,...,Vn] (5.8)

forn =1,..., M. The singular vectors can always be chosen to satisfy
VINVL = O (5.9)
ufnun - 6mn y
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which implies thatU andV are unitary, meaning

U'U = UU'=UuUu'=U0U'=71 (5.10)

viv = vwi=vvil=vvi=ro

whereUT and V' indicate the complex conjugate transpos@iodndV. FromU andV, we can

computeR as

R =VDU” | (5.11)
where
10 0
D=|0 1 0 (5.12)

0 0 det(VUT)

andt =y — Rx.
To propagate the error, we first apply the local marker coordinate éqr,and global marker

coordinate errorAy,, to each marker as

Xp — Xp+ Axy (5.13)

Yi — Yrt+ Ay, (5.14)

assuming thak, > Ax; andy, > Ay,. We also apply the local and global coordinate errors

with respect to the marker centroidsx, andAy, as

—~

Xp — X+ AXg (5.15)

—~

Ye — Yr+Ayk (5.16)
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where, similar to the relationship in E§.3

K
. 1
1 K
Ay, = Ay — W;kayk . (5.18)

wy, is the weight of thek!* marker that quantifies the robustness of the marker data against noise
measurements and its relative motion on the real object. For a rigid probe, all weights are set to 1.
Because we wish to determine how the errors propagate to the rotation and translation of the

tracking probeR andt, we must determine how the errors affect the matixThus,

H— H+ AH (5.19)

If we propagate the errors tnandy to H we get

H+AH = wi(Xg + AXE) (Y5 + Ayr)” (5.20)

]~

k=1

wr(Xeyr: + AXeyr' + XeAYR + AXGAYL) (5.21)

[™] =

i

1

By first order approximation, we obtain

we(XeYn + AXeyr: + XeAYE) (5.22)

]~

H+AH =

k=1

we( ARy R 4+ XAy ) +H (5.23)

2
M)~

b
Il

1

which definesAH as
K
AH~ ) wi(AXyr + XAy’ ) (5.24)

k=1
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This is a first order model of error propagation. For the rest of this section, an equation of the form
a =~ bis taken to mean that the two quantitieandb are equal to the first order in the measurement
errors.

We now define a matrix) as

Q=H"H . (5.25)
Then, with first order error propagation,
Q—Q+AQ (5.26)
with
AQ~ AH"H + H'AH (5.27)

which is a first order expansion &Q. Now, consider the eigenvector equations from &£. We

propagate the error as

(Q+AQ)(Vin + Avi) = (ftm + Apin) (Vi + AVyy,) (5.28)

(QT + AQT) (W + Auy,) = (i + Ape) (W, + Auyy,) (5.29)

which must be satisfied with the constraints

v, + Av, ) (v, + Av,) = O (5.30)
( )

(U, + Auy) ' (w, + Aw,) = Sm

because orthogonality must still hold, even with errors infhmatrix. Using the error-free
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eigenvector equations (Eds.6and5.9), and applying the previous constraints, Eg28and5.29

can be expanded in the following manner

Qv,, + AQv,, + QAv,, + AQAV,, = Vi + DtV + i AV + At Avy,  (5.31)

QMu,n + AQTu,, + QT Au,, + AQT Ay, = i + Aftn Wy, + i Aty + Apt Au,, (5.32)

Because

va = HmVm (533)
QTum = UmUm
AQAv,, ~ AQ"Au, ~0 and
ApmAvy, ~ AppAu, ~0 |
we can simplify Eq5.31to
Vi + AQvV,, + QAV,, = Vi + Al Vi + i AV, (5.34)

= AQv,, + QAv,, =~ ApnvVim + UmAv,

and, likewise, Eq5.32t0

L + AQ W, + QTAU, & U + AW, + AU, (5.35)

= AQ"u,, + QT Au,, ~ AWy, + i Auy,

with the orthogonality constraints (derived by first order expansion obEg).

viAV, +VviAv, =~ 0 (5.36)

Q
o

T T
u,, Au, + u, Au,,
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Our goal is to solve this system of equations for,,, and Av,, (the first order error of the
eigenvalue and its associated eigenvector) in term&@Qf(the first order error in the matrix de-
scribing the relation between the two coordinate systems).To accomplish this task, we define the

matricesA andB by the equations

Av,, = Av,, , m=1,.... M (5.37)

Auw,, = Bu,, , m=1,...,. M

These equations defideandB uniquely since the singular vectors form bdgié. By substituting
into Egs.5.34and5.35with the previous equation, the system can be written in terms of these new
matrices as

AQv,, + QAvV,, = Al Vi + AV, (5.38)
AQ"u,, + Q"Bu,, ~ Apnuy, + 1, Buy, (5.39)

and the orthogonality constraints become

vEAvV, +VvIAv,, =~ 0 (5.40)

T T
u, Bu, + v, Bu,, ~ 0

By rearranging Eqss.38and5.39, we have

(,um - Q)Avm ~ (AQ - Aﬂm)vm (541)

(Mm - QT>Bum ~ (AQT - A,um>um (542)

We now take Eqg5.41and multiply through by, 7,

Vil AQV,, — Vi T Ay Vi = Vi i AV, — vi, T QAV,, (5.43)
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Since

Qvn = UpVp = (Qvn)T = (/ann>T = VnTQT = ,U/nVnT ) (544)

we can express E&.43as

v,  AQv,, — AumvnTVm ~ ,umvnTAvm - unvnTAvm ) (5.45)

Furthermore, because,”v,, = 6,,,

Vi LAQV, — At Omn = (fm — i) Vi AV, (5.46)
Whenm = n, we get
Aty = vy, TAQV,, (5.47)
Whenm # n, we get
TA
v.T Ay, ~ Yn BQVm (5.48)
Hm — Hn,

which fully specifiesA. Note that since\Q” = AQ (meaningQ is symmetric) , we have

Vil AQv, = v, ' AQT v, = (v, AQv,,)T . (5.49)

Moreover, because,,” AQv,, is a scalar,

v,'AQv,) T = v,TAQv,, . (5.50)

As a result, the orthogonality constraints Anare satisfied. Now, we collect the termsAH.

Starting with the expression #, we see that

H=Urv’ | (5.51)
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implying that

HV = Ur
=U'™H = V7"

= H'U = VT

and leading to

va = Um\/HIm = / HmUm
H'u,, = Vi m = A/ UmVm -

(5.52)

We can now develop two scenarios. The first is wher- n. We start with the relation from

Eqg. 5.47, expanding with the relationships from E¢s27and5.52

Vil AQV,, = v, TAQV,, ,m=n

Q

Ay,

Q

vl (AH'H + H'AH)v,,

Q

v,, /AH'Hv,, + v,,”H AHv,,
v, AHT, VTINS | BE /umumTAva
Vitm (Vi T AH 1, + u,," AHv,,,)

24 /umumTAva )

Q

Q

Q

(5.53)
(5.54)
(5.55)
(5.56)
(5.57)

(5.58)

The second scenario is when## n. Staring with the relation from Ec.48 expanding with the

relationships from Eq$.27and5.52

A
v.TAv, ~ Vi AQvy,
Mm — Hn
_ vi (AH"H+H"AH)v,,
Mm — Hn,
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v,'’AH"Hv,, + v,”H' AHv,,

~ — (5.61)
~ Y V“; jﬂv“ tn ATV (5.62)
~ VHnU ‘; J:VM# Wn 28V (5.63)

By replacingH with H” and interchanging;, with u,, in Eq. 5.63 we get the following equation

for B
v, By, ~ YHmUn 88Vn T iint M (5.64)
Hm — Hn
Finally, if
V — V+AV (5.65)
U —- U+AU
then

AV ~ AV (5.66)

At this point, we now have a direct relationship between the eigenvectdrsaoid U and the first
order error propagated to the eigenvectors by wax @ndB. A andB are also anti-symmetric,
meaningA = —AT.

From the expression & in Eq. 5.11, we can derive an expression for the propagation of the
first order error to the calculation &. To start, we can express the rotation matrix with error,

R.,, as a concatenation of an incremental rotatidlR, and an "error free” rotatiori}

R... = ARR, . (5.67)
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Using Eq.5.11, we can apply first order errors ¥ andU and obtain the following expression for

Rer
R., = ARR = (V+AV)D(U+ AU)” (5.68)
= (V+AV)(DU" + DAUT) (5.69)
= VDU” + AVDU” + VDAU? + AVDAU” (5.70)
— VDU’ + AVDU” + VDU'B” + AVDU'B” (5.71)
= VDU” + VDU"B” + AVDU” + AVDU'B” (5.72)
= VDU” - VDU’B + AVDU” - AVDU’B (5.73)
= VDU”(I-B)+AVDU’(I - B) (5.74)
= (VDU? + AVDU”)(I - B) (5.75)
= (I+A)VDU'(I - B) (5.76)
= (I+A)R(I-B) . (5.77)

Taking into account the fact that a matrix exponential can be approximated by a Taylor series

expansion, a first order approximationRf{,.,. is ,

R., ~ e¢*ReB (5.78)
~ e*Re BJ (5.79)
~ ¢*Re BRTR (5.80)
~ ¢*Re PR’R (5.81)
AR

BecauseA andB are anti-symmetric matrices® ande™B yield valid rotation matrices in most

cases (invalid cases occur whamx or Ay are greater than or equal to the order of magnitude of
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x andy) . Thus,R.,. is a valid rotation matrix that expresses the orientation of the probe with
marker location errors propagated through its solution.

The position of the probe without errdr,is expressed as
t=y— Rx , (5.82)

wherey andx are the centroids of thg, andx;,, respectively. If we propagate the first order errors

to the probe position, we obtatn,,., which can be written as

K K
1
te’r’r = W Z yk’ + Ayk) Rerrw ; Wy, (Xk’ + Axk)

1_<
= W Z WrYk + % Z kaYk err Z WX — err Z kaXk
k=1 k=1

1
= Yty S dys — R — Rus Z WA
k=1
=Yy + Ayc - Rerrx - Rer'I‘AXC

= y+ Ay, — R (x + Ax,) | (5.83)

whereAx,. andAy. are the centroids of thAx, andAyy, respectively.

5.2 Effects of Factors on Pose Estimation

In analyzing the effects of environmental factors on pose estimation, we must examine the proper-
ties of theR.,,, matrix. As a result, our analysis focuses ArandB, as these matrices determine
Rerr

If the noise added to the marker locationsx, and Ay,, are zero, therA and B become
zero matrices, giving® = ¢ ® = I andR,,, = R, indicating zero pose error. Furthermore,
the zero matrices will have three eigenvalues at zero. If the magnitudexand Ay become

infinite, the magnitude of the two non-zero eigenvalueA @ndB are infinite. Whem\x andAy
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are between zero and infinith andB give valid rotation matrices with measurable eigenvalues.
As the magnitude of the elements Af and B increase or decrease, the magnitude of the non-
zero eigenvalues A andB increase or decrease, respectively. Thus, by examining the effect of
various factors on the eigenvaluesAfandB, we can determine the effects on the overall pose
error.

We now define the eigenvalues Af Starting with Equatio®.48 we know that

TA
VoL Av,, ~ w S FEm . (5.84)
Hm — Hn
Therefore,
~T(AHTH + HT'AH)v,,
v.TAv,, ~ Y + AR (5.85)
Hm — HUn
Expressing each matrix generally, tHematrix is
S11 S12 S13
H= 531 s s03 (5.86)
5§31 532 533
with
K
k=1

wherez;,, andys,, are then'® andm! elements ofk;, andyy, respectively. The\H matrix can

be written as

011 012 013
AH = | 0y 0 o2 (5.88)
031 032 033
with

Wk (AZnYrm + TrnAYem) (5.89)

Onm ~

¢
gk
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wheren andm subscripts represent thé" andm!” elements of each vector, respectively. The

matrix A can be generally expressed as

0 a b
A= - 0 ¢ (5.90)
—b —c 0
inthevy, vy, v3 basis. Then,
T
0 — Vi AQv, (5.91)
M2 — p1
T
p — YL AQvs (5.92)
M3 — 1
TA
o = Y2 AQvs (5.93)
M3 — M2
Finally, the eigenvalues A are
M = Va2 -0 —c2=+/—(a2+ b0 +2) = jVa2+ b + 2 (5.94)
Ay = —V—a2 -0 —-c=—jVa?+b*+?

)\3:0.

A similar formulation applies to finding the eigenvalues Ryrwith the only difference being that
AQT is used instead ok Q.
5.2.1 The Effect of Tracker Accuracy and Frame Determination on Pose Estimation

To determine the effect of tracker accuracy on pose estimation, we must determine the relationship
betweenAy and the eigenvalues &f andB. Specifically, the change in the magnitude of the

eigenvalues, whether increasing or decreasing, is of interest.
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We now examine the eigenvalues Afand how they are affected by the tracker noise, given
that a similar formulation exists fd8. As expressed in Equatidn94 the magnitude of the non-
zero eigenvalues oA increase or decrease as the squared magnitude increases or decreases. In
Equation5.89we can see that the influence & is on the expression far,,,,. When analyzing
the effect on the eigenvalues, we consider all other quantities constant, allowing for variation in
onm ONly. We considelAy a Gaussian random variable with zero mean and a standard deviation
equal to the RMS tracker accuracy. Given these conditions, we can express the squared magnitude
of the non-zero eigenvectors as

Mo =d®+ 02+ . (5.95)

BecauseAy is a random variable, we must treat eigenvalues as an ensemble average of event

occurrences. Thus, the previous equation becomes

<o’ > =<+ 4> = <a?>+<P>+<E> (5.96)

Given

Vg = ———— (5.97)
Hm — Un

We can express’ as

@’ & o’ [ (512011)% + (522021)% + (532031)° + (511012)° + (521022)% + (s31032)°
+ 2(512011) (822021) + 2(512011)(832031) + 2(512011)(511012)
+ 2(512011) (S21022) + 2(812011)(831032) + 2(522091) (532031)
+ 2(522021) (511012) + 2(522091)(521022) + 2(522021)(531032)
+ 2(832031) (511012) + 2(832031) (521022) + 2(532031)(531032)

+ 2(511012) (521022) + 2(511012)(S31032) + 2(S21022)(831032) | - (5.98)

For eachs,,,,0,.. term, the variable of interest &y. Thus, we can treat the,,, portion as a
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constant, meaning

< Spm O >= Sam> < Opimr> > (5.99)

Using the result from the Appendix and by substitution from Equai®8 < a* > is

2 2 2 2 2 2 2 2
< a® >R ao1” < (812011)° + (822021)° + (832031)° + (811012)° + (821022)° + (831032)
+ 2519592011091 + 2512532011031 + 2512511011012 + 2522532021031 + 2521522021022
+ 2531532031032 + 2511512021022 + 2511512031032 + 2521522031032 >
_ 2 2 2 2 9 2 2 2 2 2 2 2
R Qia1”S12” < 071 > +Qo17 899" < 097 > +Qia17 832" < 037 > +an1"S11” < 015 >
2. 2 2 2. 2 2 20,2 20,2
+ (i917891" < 099 + (917831 < 039 > + (51812892 < 011091 > + 051812832 < 011031 >
2 2 2
+ 200017812811 < 011012 > +200917822832 < 021031 > +20091 7521522 < 021022 >
2 2 2
+ 200917831832 < 031032 > +200917811512 < 021022 > +200917511512 < 031032 >

-+ 204212821822 < 031032 > (5100)

Similar expressions can be defined fo? > and< ¢* >. If we expand the term: o, > from

Equation5.10Q we find

2

K

<on’> & < | wiATplim + TenAyim) | >
k=1

~ < [w(AThn +  a Ay F - A we( AT + Taldun))” - (5.101)

The Ax, represent the errors in determining the positions of the markers in the local frame. We
consider these to be zero-mean, Gaussian random variables as well. Expanding Exj@8tion

we find that the mixed polynomial terms become zero, resulting in

2 N 9 —2 A ~—2 29— ~—2
<0o11" > R <wiria Ayll + . Wt TE Aykl >

2 —~2~2 2 —~2—~2
+ <wiAzy Ty e W AT YT >
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2\ ~2 2, ~2
~ < wlti Ayt > 4+ < wltam Aym. >

~2—~2 ~2~2
+ < w12Am11 Yyi1m >+ + < wk2A£Ek1 Y1 >

—~ 2 —~92 —~ 2 —~2
~ w12x11 <Ay11 >+...+wk2xk1 <Ayk1 >

Fwli < AL >+t wlnt < Aml> . (5.102)

The general expression fer o,,,,,> > can therefore be expressed as

2

—~2 — 9 —~ 2
< Onm’ > & WlT1n < AYpm. > 4. oo+ Wl T, < Ay >

bt < AT > 4w < Al > . (5.103)

This general expression fet,,,, indicates the influence aty, on the eigenvalues of th& andB
matrices. The expanded term (from Equatiorb.98) is influenced by the first two components
of Ayy, that isAyy . Thed? andc? terms are influenced by, 3 andAy;. 3, respectively. As
aresult,< a® + v? + ¢ > will change proportionally as: Ay;? >, which indicates a change in
| Ay ||. Therefore, we can conclude that|ifAy, || increases or decreases; »| increase or
decrease, respectively. The change in eigenvalues indicates a proportional chjanyd|inand

| B ||2, where|| A ||; is the norm-2, or matrix norm, ck given by

| Ally = (Amaz(ATA))VZ (5.104)

with \,,.... being the largest eigenvalue Af The increase in the matrix norms signal an increase in
pose error. The expression @y, also indicates the influence ofx;, on the eigenvalues & and
B. Similar to Ay}, a change inc Ax;? > will proportionately affect the eigenvalues. However,

the Ax; are generally smaller than they,.
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Because thd\y, andAx; are random variables, we find that as the standard deviation of these
quantities increases or decreases)y,> > increases or decreases indicating a proportional in-
crease or decrease|jM\y,, || and|| Ax; ||. The standard deviation &y, represents the accuracy
of the tracking system and the standard deviatioAgf indicates the error in determining the lo-
cal marker locations. Thus, if the tracker and/or the local frame determination is more accurate,
the standard deviation on Ay, > is smaller, resulting in smaller eigenvalues forandB and
smaller pose errors. If the tracker and/or the local frame determination is less accurate, the stan-
dard deviation o< Ay,? > is larger, yielding larger eigenvalues fArandB and, thereby, larger
pose errors.

Another effect that we can observe from this formulation is that of the tracker precision, or
repeatability. Theoretically, when we measure the ensemble average of a squared random variable
with zero mean, we obtain the variance of its distribution. That is, if we assume that the tracker
accuracy is 0.1 mm RMS, then by modeling; as a zero-mean, Gaussian random variable we
expect< Ay:’ > will be equal to(0.1mm)? = 0.01mm? theoretically. In practice, however, it is
impossible to attain this value. Given a tracker with good precision, we can closely approximate
this value with a large enough number of measurements. In contrast, a tracker with poor precision
will attain a poor approximation, resulting in an increased variance and a larger standard deviation.
A consequence of the larger standard deviation isfygtmust be increased to provide an accurate
model of the tracking performance, which culminates in larger eigenvalueA fand B and,
therefore, increased pose errors.

A formulation which encapsulates the eigenvalue magnitude is the matrix norm, as defined in
Equation5.104 In the case of an anti-symmetric matrix, both non-zero eigenvalues have the same
magnitude. Therefore, the trends in pose estimation for a given tracking probe will be indicated
by changes in the value ¢fA ||,. If we simulate a logarithmic decrease in tracker accurdgy (
increases logarithmically), it can be shown thak ||, increases proportionally. The results of the

simulation are shown in Figui L
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, Norm of A Matrix vs. Global Noise
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Figure 5.1: Semilog plot of the Norm of the A Matrix versus the Amount of Tracker Noise
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5.2.2 The Effect of Probe Size and Shape on Pose Estimation

The size and shape of a tracking probe refer to its spatial extent and how the markers on the probe
are arranged. Both are factors that have a significant effect upon pose estimation. To study these
effects, we must determine the relationship betw€gandy,, quantities which are defined by the
probe size and shape, and the eigenvalues ahdB. Again, the change in the magnitude of the
eigenvalues, whether the magnitude increases or decreases, is of interest.

We examine the effects of probe size and shape on the eigenvaldesuniderstanding that
a similar formulation exists foB. The influence ok andy can be seen in,,,,,, Spm, ando,,,,
which are present in the expressions of the eigenvalue componeatémfuations.94). The Ay,
and Ax;, are also present, however, we shall hold their standard deviations constant, as we are
narrowing our attention to the effects of probe size currently.

As expressed in Equatidn94 the magnitude of the non-zero eigenvaluesAoincrease or
decrease as the squared magnitude increases or decreases. From Bgl@fiove can see that
all the variables previously mentioned affect the result. However, the most profound effect upon

the value of< a? > (or < b > or < ¢% >) is given by then,,,, term, which is defined as

1
Opn = ———— ,m#£n (5.105)
Hm — Hn

wheren is the row index ofA, m is the column index oA, andy,, and,,, correspond to the"
andm'" eigenvalues oHH”. The matrixH is defined as
K
H=> wXiyr . (5.106)

k=1

wherex;, andy;, represent the local and global marker locations relative to the marker centroid,

respectively. From the dependence upgrandy;, we see that the eigenvaluesidH” will
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change as the size of and the shape of the tracking probe changes. Furthermore, as the eigenvalues

of HH” change, the eigenvalues AfandB will change, as indicated by Equatiofi®1-5.94.

5.2.2.1 The Effects of Probe Size

Equation5.100provides the reasoning as to why,,, has the most influence upen a? > when
changing the size and shape of a tracking probe. Changing the size of the tracking probe is equiv-
alent to scaling the&, andy; by (3, where/ is a positive constant. Furthermore, a change,in

andy, will be proportionately expressed i}, andy;. Taking the case whexj, andy, are scaled

by 3, we see that,,,,, becomes

K
Cum Y Wk( ATk (Bm) + (B75n) Al (5.107)
k=1
K
~ B Wi AinYem + T AYem) (5.108)
k=1
and thats,,,,, becomes
K
k=1
K
= B> WiT b - (5.110)
k=1

From this relationship, we can see that the effect of changing the probe size by sGadindy .

by 3 is a scaling oftI by 3? effectively. That is

S11 S12 S13 ﬁ2311 52312 52813
2
H=| 59 800 803 | = | 8% %90 B%s93 | 2 OH . (5.111)
531 832 833 52531 ﬁ2532 52333
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Also, scalingx;, andy;, by 5 scalesAH by g3, giving
K
AH~ ) wi(AXyr +XeAy:') — BAH (5.112)

k=1

ScalingH andAH results in a scaling oA Q by 33, that is

AQ ~ AHTH+HTAH — SAH??H + 3?HT sAH (5.113)

— [(AH'H + H'AH) — *AQ . (5.114)
The scaling also results in
H'H — g‘H'H |, (5.115)

implying that

pom = 4 (5.116)

while v,,, remains the same due to the fact that it is a normalized eigenvector. The effect of the

scaling is then related to the components of Ahenatrix as

_ T VU PAQv,
a = (Q91V] AQVQ 64<M2 — /,Ll) ﬁ (5117)
b
b — — (5.118)
J
c - g (5.119)

Therefore, scaling; andyy by g results in an effective scaling of approximatelys for the
eigenvalues ofA. A similar formulation can be demonstrated Bt Equations5.117—5.119
show that increasing or decreasing the size of a tracking probe results in a respective improvement
or reduction in pose error for the tracking probe.

Again, using| A |2, we can demonstrate the effects of increased probe size on pose estimation.

If we simulate a logarithmic increase in probe sizg &re uniformly scaled with logarithmically
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increasing scale factors), it can be shown that ||, decreases proportionally. The results of the

simulation are shown in Figue2

a Norm of A Matrix vs. Probe Size
10 T TrrTTT T T T "!“ff} T ‘f‘!f“!

w0tk

Norm-2 of A matrix
=
T
|

10 SR RS N I N N B T I NS L T N
10° 167 10 10° 10 10° 10°
Probe Scale Factor

Figure 5.2: Semilog plot of the Norm of the A Matrix versus the Size of the Probe

5.2.2.2 The Effects of Probe Shape

A change in the size of a tracking probe indicates uniform scaling applied #o. #wedy,. Chang-

ing the probe shape, however, implies that a diffesgrandy, are used. Assuming that one

76



marker is moved at a time, we can represent the diffexgréndy, as the resultant of a sum of

vectors, meaning

Xk/ = Xk+§Xk and (5120)

i = Yi+Oye (5.121)

wheredx; anddy; are the change applied tg, andy,, respectively. The change in the given
marker will also influences;, andy;, for all the makers on the probe, as these variables are de-
pendent upon the centroid of the markers. Therefore, assuming thakithand Ay, remain the

same, we obtain

X, = (x,—x)+Ax; and (5.122)

—

i = (yx—Y)+ Ay, (5.123)
wherex’ andy’ are the centroids of the markers in the local and global frames, taking into account
the marker location which has changed.

The quantitya will still have the most influence upon the eigenvalues\ofWe examine the

relationship for< a? >, taking the case whex, andy;, are changed byx; anddy,. As a result,

onm NOW becomes

K
Tum = > Wi AZpulom’ + T’ Aim) (5.124)
k=1
ands,,,, becomes
K
Sum = Y WkThn Yk - (5.125)
k=1

Because we assume that > Ax;, andy;, > Ayy, it can be shown thaty, Vi, > ATimYem. +
T Ayrm. Thus, the effect of changing the probe shape has a greater effect op,therms

within the expression fox a? >.
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This formulation provides a relationship between the individual marker locations and the eigen-
values ofA, which, in turn, defines the relationship between the elememdsarid the amount of
pose error present from a given tracking probe topology. A proposed quantitative measure of this

relationship is explored in Sectiah6.

5.2.3 The Effect of the Number of Markers and Marker Field of Emission on Pose Estimation

Another effect to examine is that of the number of markers on the tracking probe and its effect on

pose estimation. If we start with the expression for pose error,
K
eR.t) =D wil yi —Rxp =t [* (5.126)
k=1

we see that does not obviously increase or decreas& ithanges. Also, examining following

expressions

K

Sum = Y WkTknYhm and (5.127)
k=1
K

Oum = Y Wi AT Yim + TonAim) (5.128)
k=1

we observe that neither,,,, or o,,,,, necessarily increase or decreasdsashanges.

There is no immediately apparent relationship between the number of markers on the probe and
the accuracy of pose estimation. Nevertheless, insight may be obtained from the realization that the
overall error in pose is expressed as a least-squares optimization problem. In a least-squares sense,
data added to the approximation will either bring it closer to an optimal solution or drive it further
away. The dimensions of a rigid tracking probe are fixed, however, meaning the data (the marker
locations) are physically restricted to a given space. Thus, increasing the number of markers adds
to the data in such a way as to drive the approximation closer to an optimal solution, giving a

reduction ine. However, the additional number of markers required to see a significant change
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may be unrealistic. The pose error of a tracking probe whose number of markers are increased
dramatically is modeled in Sectiaghl An added benefit to increasing the number of markers may
be an increase the field of regard of the tracking probe.

Trackers that use active markers are also affected by the marker field of emission. The larger
the marker field of emission, the fewer number of markers that are required to achieve a large field
of regard. As the solid angle of marker signal emission increases, the probe field of regard will
likely increase. As the field of emission is generally fixed for a tracker, however, field of regard is

more dependent upon number of markers used on the tracking probe.

5.2.4 Matrix of Tracking Factors

The results of the previous sections can be summarized as a table of tracking factors versus perfor-

mance in various aspects of pose estimation.

Table 5.1: Matrix of Tracking Factors

pose error| rotation error| translation error field of regard
global error increases + + + ~
decreases - - - ~
local error increases + + + ~
decreases - - - ~
probe size increases - - ~ ~
decreases + + ~ ~
number of markers increases + ~ ~ +
decreases — ~ ~ -
field of emission  increases ~ ~ ~ +
decreases ~ ~ ~ -

The implications of Tabl&.1 are that we can quickly determine what the effects of changing
a particular parameter will be when designing a tracking probe. A “+” indicates an increase, a “-”

indicates decrease, ang™ indicates no significant change in the measure of performance.
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Combined with quantitiative measures of performance, we can more effectively design and imple-

ment marker-based tracking probes using the techniques at our disposal.

80



CHAPTER 6: APPLICATION TO TRACKING PROBES

By combining design methods, mathematical formulations, and simulation, we have created a
framework for implementing marker-based tracking probes. We now discuss the application of the
methods discussed in Chapt&rgl, and5 .

To test the implications of the framework, we use four probe topologies. The first tracking
probe is a six marker digitizing probe manufactured by Northern Digital, Inc. The next probe
consists of eight markers arranged in two concentric squares. The third probe is a semi-spherical,
conformally designed tracking probe. The last probe is a conformally designed probe whose mark-
ers are mapped directly upon the object to be tracked.

The chapter begins with detail of the simulations of the tracking probes. Next, we provide ex-
perimental verification of the results from the simulations and the conformal probe design process.

We close by detailing the design process of a conformal tracking probe.

6.1 Simulation of Tracking Probes

The simulation of tracking probes models the pose estimation process. The first step in this process
is to determine the location of the markers within the local frame of the tracking pxgbd,he

local marker positions are given by the marker mapping procedure, the schematics of the proposed
tracking probe, or from user-created data files that specify a tracking probe. However, these loca-
tions are do not have any errors associated with them when produced by the mapping algorithms.
For example, within the marker mapping procedure, we use a 3D model of an object that is com-
posed of triangles to place the markers. When a marker location has been determined, it is placed
at the center of the corresponding triangle. In practice, the marker location can only be approxi-
mated, usually to the size of the corresponding triangle within the 3D model. In addition, once the
markers are placed on the object, the local coordinate frame may be changed, that is, recomputed

based upon convenience. Therefore, we must add errors to these local marker locations to properly
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simulate the construction of a tracking probe. The magnitude of the errors can be determined based
upon manufacturing data (if the probe is already physically constructed) or based upon the relative
size of the triangles used in the 3D model. The errors in determination of the local tdameare

simulated by applying zero-mean Gaussian noise to the coordinates using the following procedure:
1. Determine the amount of noise to apply to local coordinates.
2. Seed the random number generator.
3. Using three uniform random numbers, determine a normalized noise vector for each marker.

4. Scale the normalized noise vector magnitude using Gaussian random number. The Gaussian
distribution used has zero-mean and a standard deviation equal to the noise amount chosen

in Step 1.
5. Add the noise vectors to local marker locations.

Once we have simulated the local coordinates, we simulate the locations of the markers in
the tracker frame of referencg,. However, we must know where the probe is to be simulated
within the tracking volume because the accuracy of the tracker may vary according to the probe
location within the volume. Thus, we apply a rotatidd,and translationt to the local marker
locations (with noise) to obtain the marker locations with respect to the tracker, also called the
global marker locations. The rotation is specified in a matrix format, due to the formulation of
the noise propagation procedure specified in Chaptdfinally, based upon the accuracy of the
tracker in that region, we add zero-mean Gaussian naigg o the global marker locations using
the procedure previously defined for the local marker coordinates.

We now have noisy and noise-free representations of the probe markers in the global and local
coordinate frames. The next step is to estimate the amount of pose error. The procedure for
propagating the effects of marker noise to the pose estimation is described in Fettiohn

algorithm has been created and implemented to mimic this procedure. The inputs to the algorithm
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are the local and global marker coordinates with noise, the standard deviation of the Gaussian
noise applied to the local and global marker coordinates, and the initial, error-free rotation matrix
that defines the orientation of the tracking probe. The output of the algorithm is the incremental
rotation matrix,AR that transforms the tracking probe from its initial, error-free orientation to the
orientation obtained when noisy marker data are used. From\ibewe compute the average

pose error using a sum of squared errors formulation

K
1
APQ = ? Z H(Rer‘rorxk + ter‘ror) - (ka + t)H2 : (61)
i=1

In this expressionA P is the pose error in millimeter®...... is the concatenation of the initial,
error-free orientation and the incremental rotation mattdRR), the x;,, are the noise-free lo-
cal marker locations, antl..... is the sum of the initial position of the tracking probe and the
translation between the noise-free local maker centroid and the noisy global marker centroid.

We can also determine the rotational and translational components of the pose error. The
amount of error in rotationA P,;, can be determined from a concatenation of two quaternions,

expressed as

Qresult = QQerror—l y (62)

whereq is the unit quaternion representing the error-free orientation, obtainedRrcamdq,,.,..,
is the noisy orientation, obtained froRy.,...,.. The amount of error in rotation is equal to the angle

extracted from the scalar portion @f,;;. The error in positionAP,,;, is expressed as
APpos = Hterror - tH . (63)

In the course of the simulation process, we determine the valddHiA P, ,;, andA P,
The independent variables within the simulation are the tracker noise, the probe size, and,
the number of markers on the probe. The dependent variables we can study are the overall pose

error in millimeters, the orientation error in degrees, and the position error in millimeters. The
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tracker noise and probe size are incremented on a logarithmic scale. The number of markers is
incremented arithmetically when a generic tracking probe shape is used. Currently, the simulation
supports generic spherical and planar tracking probes with up to 25 markers.

At each increment of the independent variable, the probe is simulatieahes (V > 20) and
the pose error results are averaged. The average at each increment is then plotted on a linear or log
scale. When plotted on a linear scale, the standard deviation of gralyses is included at each

data point as error bars. Finally, a curve is fit to the data.

6.1.1 Simulation Specifics

The simulation of tracking probes and pose errors was implemented in MATLAB. The simula-
tion was built with a graphical user interface, to allow for easier simulation control and easier
adjustment of simulation parameters. The simulation GUI is shown in Fiydre

Aside from the dependent and independent variables, we can adjust the local noise of the
probe markers, the increment applied to the independent variables, the number of iterations used
to compute the average errors, how the results are displayed, and the initial probe position within
the tracking volume.

The POLYFIT function is used to determine the coefficients of a polynomial curve that fits
the data in the least squares sense. The POLYVAL function is used to obtain error estimates on
the predictions from the polynomial. The error bounds assume that the data are independent,
normally distributed, and with constant variance. The graphs are then generated with the PLOT
and ERRORBAR functions. The green line corresponds to the results of a 4th order polynomial
least-squares curve fit. The red lines above and below represent the 95% confidence interval for
the data points plotted on the graph.

A 4th order polynomial chosen as opposed to an exponential function because a better fit is

obtained when including the data for very small or very large values of the independent variable.
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Figure 6.1: MATLAB Simulation GUI

Higher orders of magnitude were chosen for the purpose of displaying where the assumptions of
the model are violated, that is, the order of magnitude of the noise is equal to that of the probe size.
Still, the r-squared value for the 4th order curve fit ranges between 0.62 and 0.75 when a probe
is simulated. Within two orders of magnitude of the midpoint, however, an exponential fit yields
residuals on the order of 1 mm in pose error and r-squared values greater than 0.7.

Within the simulation we use the EXPM function to compute the matrix exponential. This
function uses a P&dapproximation rather than a Taylor Series approximation. We also use the
RAND and RANDN functions to generate uniform and Gaussian random variables, respectively.
The random number generators are seeded using the system time.

There are three types of generic tracking probes that are utilized in the simulation. The first
type, a generic spherical probe, is composed of markers placed on a sphere of unit radius. The
marker distributions are calculated beforehand using the modified SA technique described in Chap-
ter3. The next type is a square, 10 cm tracking probe with the markers arranged in a spiral fashion.

That is, the probe is divided into a 5x5 grid with the markers arranged as numbered i Tahle
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The last type is a square, 10 cm probe with the markers placed randomly. These simulated probes

Table 6.1: Marker Placements for a Spiral, Planar Tracking Probe

1516 17| 18| 19
141 4 | 5] 6 |20
13(/3 1|7 |21
12| 2 | 9| 8 |22
11| 10| 25| 24| 23

were used as test cases for the probes to be physically implemented or as thought experiments to

probe various aspects of the probe design framework.

6.2 Experimental Results from Tracking Probes

The model proposed in Chapter 5 relies upon the fact that the noise values propagated are Gaussian
in nature. Therefore, our first task was to determine if this was the case experimentally. Using 1000
samples of position data from a single marker, a Gaussian curve was fit to a 50-bin histogram. The
result of the fit is shown in Figur6.2 and has an R-squared value of 0.9602, indicating a good
approximation of a Gaussian distribution. The results show that the data are well fit by a Gaussian
distribution, so our initial assumption of the noise distribution is valid. Moreover, the central limit
theorem essentially states that data which are influenced by many small and unrelated random
effects are approximately normally distributed.

Each tracking probe was simulated at a location of 2.5m from the tracker using local noise
specifications which matched its physical tracking characteristics. The tracker accuracy simulated

was 0.1 mm, with 100 iterations performed at each increment of the independent variable studied.
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Figure 6.2: Data Points Fit with a Gaussian
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For each tracking probe, we then performed an iterative accuracy measurement. The standard

procedure was the following:

'_\

. Secure probe to rotation stage

2. Record the unit quaternion describing the initial orientation of the probe, and the three ele-

ment vector describing the initial position of the probe with respect to the tracker.
3. Rotate or translate the probe by a specified amount
4. Record the final orientation and position of the tracking probe
5. Determine the amount of rotation and translation reported by the tracker and compare

When measuring the accuracy in orientation, we use the error metric presented in EGuation

Likewise, when determining accuracy in position, we use Equd#idn

6.2.1 A Six-Marker Planar Probe

Figure 6.3: A Six-marker Planar Probe

The first tracking probe assessed was a planar probe with six markers, which corresponds to

the digitizing probe shown in Figur@.3. The local marker noise value for the probe was set at
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0.127 mm to coincide with the manufacturing data for the accuracy of marker placement. The
simulation of this probe predicted an error of 086).04 deg, shown in Figuré&s4 and6.5. The
black rectangle shown in Figuf4 indicates the area displayed in Fig@®. The experimental

result was 0.083 0.015 deg.
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Figure 6.4: Simulation Results from a Six-Marker Planar Tracking Probe

6.2.2 Two Concentric Tracking Probes

To show the dependence of size on angular accuracy, we constructed two concentric tracking
probes. The probes were rectangular and approximately at a ratio of 4:1 in size. The smaller
probe consists of the four inside LEDs and has dimensions 3 cm x 2.5 cm. The large probe has

dimensions 11.7 cm x 10.5 cm. In simulating the pair of probes, the local marker noise value for
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Figure 6.5: Simulation Results from a Six-Marker Planar Tracking Probe (at close range)
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the probe was set at 3.5 mm to coincide with the distance between rows on the solderless bread-
board. For the smaller tracking probe, the simulation predicted an orientation error of 0.206 deg,
shown in Figure$.7and6.8. The black rectangle shown in Figude/ indicates the area displayed

in Figure6.8. The experimental result was 0.2820.03 deg.
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Figure 6.7: Simulation Results from Small Concentric Tracking Probe

Using the larger probe, the simulation predicted an orientation error of 0.039 deg, shown in Figures
6.9and6.10 The black rectangle shown in FiguBe9 indicates the area displayed in Fig@®.

The experimental result was 0.0880.026 deg, Figuré.6 shows the two tracking probes.
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Figure 6.8: Simulation Results from Small Concentric Tracking Probe (at close range)
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Figure 6.9: Simulation Results from Large Concentric Tracking Probe
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Figure 6.10: Simulation Results from Large Concentric Tracking Probe (at close range)
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6.3 Case Study: Design, Implementation, and Assessment of Conformal Probes

6.3.1 A Semi-spherical Head Tracking Probe

Figure 6.11: A Semi-spherical Head Tracking Probe

The Semi-spherical head tracking probe is shown in Figuté In simulating the probe, the
local marker noise value for the probe was set at 0.127 mm to coincide with the manufacturing
data for the accuracy of marker placement.

The simulation of this probe predicted an orientation error of 8:8424 deg, shown in Figures
6.12and6.13 The black rectangle shown in Figuéel2 indicates the area displayed in Figure
6.13 In translation, the model predicts a translation error of 0t20.1 mm. Experimentally,
the accuracy in orientation and position was found to be 8.6D03 deg and 0.225% 0.05 mm,
respectively We can see that there is a discrepancy between the precision of the predicted and
experimental results in angle. Initially, the difference in the means of the angular predicted and
experimental results was on the order of 40%. However, upon observing this, we increased the
number of samples in the predictive model to 10,000 to obtain a better estimate of the mean. The
remaining discrepancy between the predicted and experimental precision is likely compounded

by two factors. First, the markers for this tracking probe are tightly packed, relative to the other
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Figure 6.12: Simulation Results from Semi-spherical Head Tracking probe
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Figure 6.13: Simulation Results from Semi-spherical Head Tracking Probe (at close range)

98



probes examined. The other factor is that our model for prediction is based upon first-order error
propagation. Because the markers are in close proximity with a relatively large amount of variance

(due to the first-order error model), it is not surprising to observe this discrepancy.

6.3.2 A Conformally Mapped Probe — HMD

The geometry of an integrated head tracking probe was designed using a 3D model obtained from
CAD data. Using the Viewpoints Algorithm, we placed 11 markers on the front surface of the
HMD. The specific viewpoints were spread at 45 degree increments on a 90 degree solid-angle

wedge of an intermediary sphere. The final mapping of the markers is shown in Bigdre

Figure 6.14: VRML Visualization of a Conformally Mapped Tracking Probe
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The markers were then placed physically on the HMD using GeoMagic from Raindrop Soft-
ware. In this package, the ability is present to determine the distance between specified points in
the model. During the Viewpoint mapping technique, we chose the local coordinate system to be
coincident with that of the 3D model. Therefore, when viewing the model in GeoMagic we were
then able to determine the location of prominent features relative to the origin of the local coordi-
nate system, then determine the distance from a given feature to a marker location. The procedure
was done by hand using a digital caliper, so additional errors may be present. However, in the
stereolithography process, the marker locations can be colored, so that the markers may be placed

with high accuracy in future designs.

Figure 6.15: Realization of a Conformally Mapped Tracking Probe
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The conformally mapped HMD tracking probe is shown in FigaiEs The local marker noise
value for the probe was set at 0.1 mm to coincide with the stereolithography manufacturing data
for the accuracy of marker placement. The simulation of this probe predicted an error of 8.0325
0.02 deg in orientation, shown in Figurésl6and6.17, with an accuracy of 0.14 0.08 mm in
translation. The black rectangle show in Figéré6indicates the area displayed in Figled7.

The plots shown are simulating different global noise values for the HMD probe configuration.
Experimentally, we obtained an accuracy of 0.628.001 degrees in orientation and 0£1.01

mm in position.
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Figure 6.16: Simulation Results of the HMD Tracking Probe
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Figure 6.17: Simulation Results of the HMD Tracking Probe (at close range)
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CHAPTER 7: DISCUSSION AND CONCLUSIONS

The main contribution of this work is the creation of a mathematical model for predicting errors in
pose estimation. We have quantified the effects of tracker and fabrication noise and the effects of
probe size on pose errors. Furthermore, we have combined these results, introduced novel marker
mapping techniques, and created a framework for the design of conformal tracking probes based
upon environmental and application constraints. The tracking pose error results achieved for the
conformal head tracking point to the promise of this approach for use AR environments. To achieve
a registration error of 1 mm, an the pose error for a tracking probe must be less than 0.057 deg
[Holloway, 1999. With the design presented, we have obtained a static accuracy good enough to
achieve this standard. We now discuss further some of the interesting problems that could provide

directions for future research.

7.1 Further Insights for Conformal Probe Design

When mapping markers on an object, the number of markers used is not as important as how the
markers are arranged. Figufel shows the results from a simulation where the number of markers
placed on an object was increased dramatically. The probe simulated was a planar tracking probe
and the markers were placed randomly. The results show that the pose error is reduced as the
number of markers is increased. However, the quantity of markers added must be substantial to
affect an increase. For example, for the probe in Figufe if the starting tracking probe was
comprised of five markers, 20 markers would have to be added to gain a 50% increase in the
accuracy of pose estimation. Moreover, adding 20 markers to the probe would only improve the
pose error from 0.06 mm to 0.03 mm, which may not have a noticeable impact upon a particular
application . Similar results were obtained when the type of tracking probe simulated was a sphere.
However, further study will be required to model the effect empirically and to quantify the effect

mathematically.
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7.2 Marker Mapping Concerns

The two mapping algorithms presented are both optimization-based algorithms. However, the
mapping algorithm of choice is the Viewpoints Algorithm because it not only finds optimal posi-
tions for the markers, but it also minimizes the number of markers needed to fulfill the designer’s
field of regard constraint. The Viewpoints Algorithm is not foolproof, though, because of inconsis-
tencies with the function which tests for whether a triangle is seen or not. In this test, the triangle
normal is compared to the vector from the viewpoint being tested a the time. If the resulting dot
product between the two vectors is negative, then the triangle can be “seen.” Unfortunately, if one
imagines a viewpoint on one side of the letter “M,” there may be up to three triangles along a ray
cast from the viewpoint through the “M” that may pass the test. This is a current problem in the
field of computer graphics, and will be addressed in the future. Nevertheless, for relatively simple
objects, the algorithm works well.

Both marker mapping algorithms presented rely upon having a 3D model of the object upon
which the markers are to be mapped. However, within the process of mapping markers on an
object, there are potential issues concerning the model itself. The problem lies in the triangle
density of the 3-D model used to represent the real object. The triangle density is the number of
triangles per unit of surface area. If a 3D model has a large number of small triangles, then the
triangle density is high. As such, a high triangle density is desirable because it would be a more
accurate representation of the object that will have markers placed upon it. Still, the Viewpoints
Algorithm may end up mapping many markers in quite a small area. A solution to this issue is to

apply a minimum distance constraint to the algorithm during the mapping process.

7.3 Numerical Limitations

In the simulations, there are places where the possibility of errors induced by numerical inaccura-

ciesis increased. First, the pose error formulation uses matrices instead of quaternions to represent
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rotations. Matrices require more numbers to represent an equivalent quaternion rotation, therefore
matrix operations are more subject to numerical drift when used for comparable transformations.
Second, the tracker noise may not be well-approximated by a Gaussian distribution. Third, in fit-
ting a fourth-order polynomial to the simulation data, the correlation coefficient (which expresses
the goodness of fit) ranged between 0.62 - 0.75 when examining data generated from independent
variables in the range of 10g(0.001) to log(1000). If we limit the independent variable to the range
log(0.01) to log(100), a superior exponential curve fit results. However, the dynamic range of the
simulation is naturally limited. Finally, because we generate random distributions each time the
simulation is run, we have variability in results. At small noise levels, the difference is negligible,
but larger noise levels induce greater variability. Therefore, in the future, the tradeoff between

static noise vectors and dynamically generated noise must be examined.

7.4 Marker/Tracker Issues

If the intensity of the marker field of emission is non-uniform or its signal is somehow distorted,
the accuracy in pose estimation may be affected. For example, in an optical tracking scenario
with active markers, there may be distortions in the reported position of a marker based upon the
angle at which it is detected. In an acoustic tracking system, there may be inaccuracies in reported
marker positions due to ambient noise.

To address these issues, a practitioner should observe the behavior of a single marker within
the tracking volume. With a precise rotation platform, the angle at which the tracker detects the
marker at half power could be detected. From there, a functional relationship between SNR and
marker angle could be extrapolated. Once this is done, knowing the position of a simulated probe,

the appropriate noise value could be assigned to each marker on the probe.
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7.5 Scale Factor in Pose Estimation

In the formulation presented, we assume unity scale factor because our investigation concerns rigid
tracking probes. However, as a consequence of noise effects on the marker distribution, we may
notice some errors due to an apparent scaling. We can examine the least squares equation, with the
scale factor computed as done kidrn, 1987. A comprehensive analysis of the change in scale

with noise will be needed to improve the performance of the model.

7.6 Future Work

The research presented addresses a critical need for quantification and assessment for marker based
tracking in virtual environments. We have presented a framework for designing tracking probes,
introduced a mathematical model for error propagation in pose estimation, and quantified the im-
pact of environmental variables. As with most research, however, the process of finding answers
often leads to more questions and directions for future efforts.

One such effort is an examination of the effects of tracker precision. Intuitively, having a
tracker with good precision is better than a tracker with poor precision. Within our framework, we
seek to incorporate these effects quantitatively. Through an examination of second order statistics,
it should be possible to quantify precision effects. Based upon the results from Chapaeker
precision problems are likely to affect the magnitude of tracker noise values, resulting in poorer
pose estimations.

Also of importance is the need to understand the effects of changing the arrangement of markers
on a tracking probe, non-uniformly, i.e., changing the probe shape. By isolating the individual
effects of marker motion, a more superior probe design can be achieved. Se2tdproposed
the foundation of a quantitative analysis of individual marker motion. Extending this foundation,
we propose an investigation into the properties of Ehenatrix. An analysis of variance on the

elements of this matrix would be a starting point. Then, propagating the covariance effects to the
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eigenvalues oA andB may provide insight into how to quantify individual marker effects. Each
marker could then be weighted according to its importance to the pose estimation accuracy of the
probe.

The issues concerned with marker weighting lead to a discussion of relative motion between
markers on the tracking probe. In the case that the probe is not rigid, the markers may move
with respect to each other. A way to account for relative motion is to weight each marker on
the tracking probe according to its fidelity. In this way, more importance is given to the higher
fidelity markers. However, the process of assigning weights to markers is not straightforward. One
way to determine the weight for a marker is to move the probe through a predefined motion that
approximates the movement to be tracked and determine the weighting based upon the standard
deviation of marker motions relative to the centroid. A more robust method would be to apply an
adaptive filtering algorithm to the positions of the markers on the non-rigid object. In this way,
the weights could be updated dynamically and the properties of the probe deformation could be
examined. The inclusion of such capability in this framework is highly desired.

Because tracking probes are meant for dynamic usage, a logical next step would be an extension
of the framework to include dynamic errors. Adding dynamic capabilities to the current framework
will require a significant effort. To start, for any marker based tracking scheme, there is an apparent
deformation of the tracking probe due to the fact that all the marker positions are not acquired
simultaneously. Next, the relationship between the speed of the probe movement and the update
rate of the tracking system must be quantified. Then, the latency of tracker measurements must
be studied to prevent large errors from appearing within the framework. Finally, any adaptive
weighting applied for non-rigid tracking probes must be predictive. In fact, predictive algorithms
may have to be used to overcome the tracker latency. There are a few large-scale research topics
within this problem, making it quite appealing.

An implementation task to be performed is the migration of the pose error determination al-

gorithm to C++. This would result in faster computation and greater freedom in implementation.
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Users could import their own mathematical functions and modify the algorithms utilized, which
are some of the benefits of modular code. The end users could also selectively utilize the portions
of the framework most germane to their research, if desired. For our purposes, having the frame-
work in C++ allows incorporation into other in-house VE utilities, such as the Distributed Artificial
Reality Environment (DARE) Frameworklpmza-Lup et al., 2004

A fast, native implementation of the conformal framework would lead to its ultimate incar-
nation, that is, a fully integrated, dynamic probe design procedure. Markers placed on the probe
would be visualized as they are mapped. The pose estimation procedure would update dynamically
as more markers were added. The markers on the probe could be moved through a GUI and the
probe pose error would adjust dynamically along with the error contribution of the current marker.

The ideas and directions for the ongoing research underscore the potential for cross-pollination
with other disciplines and research areas. For instance, a dynamic probe design system could
be used for network assessment, with the markers representing nodes and the marker weights
representing latencies from the current network position. Maximizing the field of regard of the
probe would spread the computational or traffic load equally among the computing nodes. Another
possibility is protein synthesis or microbiological research. The tracking probe could represent a
gene of a certain shape and the markers proteins that occur within the gene. The weighting of
the markers could be calculated in such a way as to ensure that the illegal protein sequences do
not occur. By finding the optimal configuration of proteins, a new antibiotic could be formed or
interesting genetic sequences studied. Indeed, a vast number of applications could be found for a

dynamic, conformal tracking framework.
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APPENDIX
SOLUTION OF EIGENVALUE COMPONENTS
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We can express? as

a’ ~ o’ [ (812011)2 + (822021)2 + (5‘32031)2 + (811012)2 + (821022)2 + (331032)2

+ 2(812011) (522021) + 2(512011)(832031) + 2(512011) (511012)
+ 2(512011)(821022) + 2(512011)(831032) + 2(522021)(532031)
+ 2(522021)(811012) + 2(522021)(821022) + 2(522021)(531032)
+ 2(532031)(811012) + 2(532031)(821022) + 2(532031)(531032)

+ 2(511012)(521092) + 2(511012) (531032) + 2(521022)(531032) | - (1)

Examining the mixed polynomial terms,

(Snmapq)(srtauv) = Snmsrtapqauv (2)
[ K K K
= wk%%] Z wk@;%] [Z(ka%% + W TrpAYrg)
Lk=1 k=1 k=1
[ K
> (we AT + WiTr AR 3)
Lk=1

= (0T 1aY1m + -+ Wk ) (W1 T1Y1e + - -+ Wl krYre)
(W1 AT Y1 + W11 AY1g + - o+ W AT Yk + WEThpAUkg)
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AssumingK = 2, we get

= (W1Z1nY1m + WalonYom ) (W1T1, Y1 + W2l Yar)
(W1 AZ1pY1g + Wi T1,AY1q + W2 AT2pYap + WaT2pAY2g)
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What becomes apparent from thg o, multiplication is aAx,* or Ay,* term will result only

if p = u orq = v, respectively. Since the mixefiz, Ay, terms go to zero when looking at an

ensemble average, the expression becomes
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