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Abstract 1 INTRODUCTION

We present a promising new mathematical method for tracking aThe method we present requires, we believe, a fundamental change
user's pose (position and orientation) for interactive computerin the way people think about estimating a set of unknowns in
graphics. The method, which is applicable to a wide variety of both general, and tracking for virtual environments in particular. Most
commercial and experimental systems, improves accuracy byof us have the preconceived notion that to estimate a set of
properly assimilating sequential observations, filtering sensor unknowns we need as many constraints as there are degrees of
measurements, and by concurrently autocalibrating source andreedom at any particular instant in time. What we present instead
sensor devices. It facilitates user motion prediction, multisensoris a method to constrain the unknowseer time continually
data fusion, and higher report rates with lower latency than refining an estimate for the solutionsiagle constraint at a time
previous methods. For applications in which the constraints are provided by real-
Tracking systems determine the user's pose by measuringime observations of physical devices, e.g. through measurements
signals from low-level hardware sensors. For reasons of physicsof sensors or visual sightings of landmarks, the SCAAT method
and economics, most systems make multiple sequentialisolates the effects of error in individual measurements. This
measurements which are then combined to produce a single trackeisolation can provide improved filtering as well as the ability to
report. For example, commercial magnetic trackers using theindividually calibrate the respective devices or landmarks
SPASYN Space Synchjosystem sequentially measure three concurrently and continually while tracking. The method
magnetic vectors and then combine them mathematically to facilitates user motion prediction, multisensor or multiple modality
produce a report of the sensor pose. data fusion, and in systems where the constraints can only be
Our new approach produces tracker reports as each new lowdetermined sequentially, it provides estimates at a higher rate and
level sensor measurement is made rather than waiting to form awith lower latency than multiple-constraint (batch) approaches.
complete collection of observations. Because single observations  With respect to tracking for virtual environments, we are
under-constrain the mathematical solution, we refer to our currently using the SCAAT method with a new version of the UNC
approach as single-constraint-at-a-time or SCAAT tracking. The wide-area optoelectronic tracking system (section 4). The method
key is that the single observations provide some information aboutcould also be used by developers of commercial tracking systems
the user's state, and thus can be used to incrementally improve & improve their existing systems or it could be employed by end-
previous estimate. We recursively apply this principle, users to improve custom multiple modality hybrid systems. With
incorporating new sensor data as soon as it is measured. With thisespect to the more general problem of estimating a set of
approach we are able to generate estimates more frequently, witlunknowns that are related by some set of mathematical constraints,
less latency, and with improved accuracy. We present results fromone could use the method to trade estimate quality for computation
both an actual implementation, and from extensive simulations.  time. For example one could incorporate individual constraints,
one at a time, stopping when the uncertainty in the solution
CR Categories and Subject Descriptorsl.3.7 [Computer reached an acceptable level.
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The idea that one might build a tracking system that generates a
new estimate with each individual sensor measurement or
observationis a very interesting one. After all, individual
observations usually provide only partial information about a
user's complete state (pose), i.e. they are “incomplete”
observations. For example, for a camera observing landmarks in a
scene, only limited information is obtained from observations of
any single landmark. In terms of control theory, a system designed
to operate with only such incomplete measurements is
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constraints on the unknown parameters of the system being
estimated, e.g. constraints on the unknown elements of the system
state. Given a particular system, and the corresponding set of
unknowns that are to be estimated,det  be defined as the minimal
number of independent simultaneous constraints necessary to
uniquely determine a solution, Ibt  be the number actually used
to generate a new estimate, and M, be the number of
independentonstraints that can be formed from thie
constraints. For anWN = N,y constraints,N_, = C  the
problem iswell constrainedif N, ;> C it is over constrained

and if N;, < C it isunder-constrained(See Figure 1.)



over-constrained K_\j

Ning > C
well-constrained \ Ning = C / observable

under-constrained unobservable
Ning < C

SCAAT Ning = 1 SCAAT

Figure 1: SCAAT and constraints on a system of simultaneous equaions. is the minimal number of independent simultaneous
constraints necessary to uniquely determine a solution, is the number of given constraiNis; and is the imaleybenddnt

constraints that can be formed from tde . (For most systems of infe¥ekt The donventional approach is to enstire N, and

Ni,q= C, i.e. to use enough measurements to well-constrain or even over-constrain the estimate. The SCAAT approach is to employ the
smallest number of constraints available at any one time, genratlyN,,, = 1 constraint. From this viewpoint, each SCAAT
estimate is severely under-constrained.

1.2 Landmark Tracking 1.3 Putting the Pieces Together

Consider for example a system in which a single camera is used t@iven a tracker that uses multiple constraints that are each
observe known scene points to determine the camera position anthdividually incomplete, aneasurement modébr any one of
orientation. In this case, the constraints provided by the incomplete constraints would be characterizedoxslly
observations are multi-dimensional: 2D image coordinates of 3D unobservableSuch a system must incorporate a sufficient set of
scene points. Given the internal camera parameters, a set of fouthese incomplete constraints so that the resulting overall system is
known coplanar scene points, and the corresponding imageobservable. The corresponding aggregate measurement model can
coordinates, the camera position and orientation can be uniquelythen be characterized gkobally observableGlobal observability
determined in closed-form [16]. In other wordsNf= C = 4 can be obtained ovespaceor overtime. The SCAAT method
constraints (2D image points) are used to estimate the cameradopts the latter scheme, even in some cases where the former is
position and orientation, the system is completely observable. Onpossible.

the other hand, iN<C then there are multiple solutions. For

example with onlyN = 3 non-collinear points, there areupto 4 2 MOTIVATION

solutions. Even worse, withl = 2 dd = 1  points, there are

infinite combinations of position and orientation that could result 2.1 The Simu|taneity Assumption

in the same camera images. S [ well-k irtual . t tracki ¢ llect
In general, for closed-form tracking approaches, a well or >€VEral Weil-xnown virtual eénvironment tracking systems coliec

over-constrained system witN>C  is observable, an under- position and orientation constraints (sensor measurements)
constrained system witN < C is not. Therefore, if the individual sequentially. For exa”!p'e’ tracking SyStems developed by
observations provide only partial information, i.e. the P°lhemus andAscension depend on sensing a sequence of

measurements provide insufficient constraints, then multiple variously polarized electromagnetic waves or fields. A system that

devices or landmarks must be excited and (or) sensed prior tof"’.‘c.'“t"j‘t.ed S|_multan_eous polarlzed excitations would b? very
ifficult if not impossible to implement. Similarly both the original

estimating a solution. Sometimes the necessary observations cal ; X . .
be obtained simultaneously, and sometimes they can not. Magneti¢?NC OPtoelectronic tracking system and the newer HiBall version
re designed to observe only one ceiling-mounted LED at a time.

trackers such as those made by Polhemus and Ascension perfor . -
y b ased on the available literature [25,27,37] these systems currently

threesequentialsource excitations, each in conjunction with a X ; . -
complete sensor unit observation. And while a camera can indeedSSUme (mathematically) that their sequential observations were
collected simultaneously. We refer to this as shaultaneity

observe multiple landmarks simultaneously in a single image, the tion|f the t ¢ . tionl thi i
image processing to identify and locate the individual landmarks 3SSUmptionitthe targét remains motionliess this assumption
must be done sequentially for a single CPU system. If the introduces no error. However if the target is moving, the violation
landmarks can move independently over time, for example if they of th?l_ aSSI:Thptlon !n:roduces ertTOr- ider that tvpical d
are artificial marks placed on the skin of an ultrasound patient for 0 putthings into perspective, consider that typical arm an

the purpose of landmark-based tracking [41], batch processing 0fwrist motion can occur in as little as 1/2 second, with typical “fast”

the landmarks can reduce the effectiveness of the system. AWrist tangen_tial motion occurring at 3 meters/se_cond [1]. For the
SCAAT implementation might grab an image, extrasirgle current versions of the above systems such motion corresponds to

landmark, update the estimates of both the cameddandmark approximately 2 to 6 centimeters of translatthroughoutthe

positions, and then throw-away the image. In this way estimates>€duence of measurements required for a single estimate. _For
are genérated faster and with the most recent landmarkSYstems that attempt sub-millimeter accuracies, even slow motion
configurations occurring during a sequence of sequential measurements impacts

the accuracy of the estimates.



The error introduced by violation of the simultaneity image deflection techniques are sometimes employed in an attempt
assumption is of greatest concern perhaps when attempting anyo address latency variability in the rendering pipeline [32,39].
form of systemautocalibration Gottschalk and Hughes note that Such methods are most effective when they have access to (or
motion during their autocalibration procedure must be severely generate) accurate motion predictions and low-latency tracker
restricted in order to avoid such errors [19]. Consider that for a updates. With accurate prediction the best possible position and
multiple-measurement system with 30 milliseconds total orientation information can be used to render a preliminary image.
measurement time, motion would have to be restricted to With fast tracker updates there is higher probability that when the
approximately 1.5 centimeters/second to confine the translationpreliminary image is ready for final deflection, recent user motion
(throughout a measurement sequence) to 0.5 millimeters. Forhas been detected and incorporated into the deflection.

complete autocalibration of a large (wide-area) tracking system, With these requirements in mind, let us examine the effect of

this restriction results in lengthy specialized sessions. the measurements on the estimate latency and rate, Let be the
. ) . . time needed to determine one constraint, e.g. to measure a sensor

2.2 Device Isolation & Autocalibration or extract a scene landmark, Mt be the number of (sequential)

Sonstraints used to compute a complete estimate, and let  be the
time needed to actually compute that estimate. Then the estimate
latencyt, andrate, are

Knowledge about source and sensor imperfections can be used t
improve the accuracy of tracking systems. While intrinsic sensor
parameters can often be determined off-line, e.g. by the
manufacturer, this is generally not the case for extrinsic t = Nt +t
parameters. For example it can be difficult to determine the exact € moer
geometric relationship between the various sensors of a hybrid ro= 1_ 1 )
system. Consider that the coordinate system of a magnetic sensor € tg Nt +t.’
is located at some unknown location inside the sensor unit.
Similarly the precise geometric relationship between visible As the number of constrainé  increases, equation (1) shows how
landmarks used in a vision-based system is often difficult to the estimate latency and rate increase and decrease respectively.
determine. Even worse, landmark positions can change over timg=or example the Polhemus Fastrak, which uses the SPASYN
as, for example, a patient’s skin deforms with pressure from an(Space Synchjomethod for determining relative position and
ultrasound probe. In general, goals such as flexibility, ease of useprientation, employsN = 3 sequential electromagnetic
and lower cost, make the notion of self-calibration or excitations and measurements per estimate [25,27,37], the original
autocalibrationattractive. University of North Carolina (UNC) optoelectronic tracking

The general idea for autocalibration is not new. See for system sequentially observa@<N<20  beacons per estimate
example [19,45]. However, because the SCAAT metkolites [3,44], and the current UNC hybrid landmark-magnetic tracking
the measurements provided by each sensor or modality, thesystem extracts (from a camera image) and then incorporates
method provides a new and elegant means to autocalibrateN = 4 landmarks per update. The SCAAT method seeks to
concurrently while tracking. Because the SCAAT method isolates improve the latencies and data rates of such systems by updating
the individual measurements, or measurement dimensionslthe current estimate with each new (individual) constraint, i.e. by
individual source and sensor imperfections are more easi|yfiXing N at 1. In other words, it increases the estimate rate to
identified and dealt with. Furthermore, because the simultaneityapproximately the rate that individual constraints can be obtained
assumption is avoided, the motion restrictions discussed inand likewise decreases the estimate latency to approximately the
section 2.1 would be removed, and autocalibration could be time required to obtain a single constraint, e.g. to perform a single
performedwhile concurrently tracking a target measurement of a single sensor, or to extract a single landmark.

The isolation enforced by the SCAAT approach can improve Figure 2 illustrates the increased data rate with a timing
results even if the constraints are obtained simultaneously througtdiagram that compares the SPASYN (Polhemus Navigation
multidimensional measurements. An intuitive explanation is that if Systems) magnetic position and orientation tracking system with a
the elements (dimensions) are corrupted by independent noisehypothetical SCAAT implementation. In contrast to the SPASYN
then incorporating the elements independently can offer improvedsystem, a SCAAT implementation would generate a new estimate
filtering over a batch or ensemble estimation scheme. after sensing eadhdividual excitation vector rather than waiting

for a complete pattern.

2.3 Temporal Improvements
Per Shannon’s sampling theorem [24] the measurement X'y z Xy z Xy z

samplingfrequency should be at least twice the true target motion
bandwidth, or an estimator may track an alias of the true motion.

Given that common arm and head motion bandwidth specifications  sensor Measuremem_l_n_ﬂ_l_ﬂ_ﬂ_l_n_ﬂ_
range from 2 to 20 Hz [13,14,36], tkamplingrate should ideally

Source Excitation

be greater than 40 Hz. Furthermore, ¢ésématerate should be as : [ | [ | [ |
. X ) . . SPASYN Estimat:

high as possible so that normally-distributed white estimate error stimate | | |

can be discriminated from any non-white error that might be SCAAT Estimate 1 11111111

observed during times of significant target dynamics, and so BB EEEBE

estimates will always reflect the most recent user motion.

In addition to increasing the estimate rate, we want to reduce f - -

. X . . . time

the latency associated with generating an improved estimate, thus
reducing the overall latency between target motion and visual Figure 2: A timing diagram comparing the SPASYN
feedback in virtual environment systems [34]. If too high, such  (Polhemus Navigation Systems) magnetic position and
latency can impair adaptation and the illusion of presence [22], and orientation tracking system with a hypothetical SCAAT
can cause motion discomfort or sickness. Increased latency also implementation.
contributes to problems with head-mounted display registration
[23] and with motion prediction [4,15,29]. Finally, post-rendering




2.4 Data Fusion & Hybrid Systems Throughout we use the following conventions.

The Kalman filter [26] has been widely used for data fusion. For x = scalar (lower case)

example in navigation systems [17,30], virtual environment X = general vector (lower case, arrow) indexed[a$
tracking systems [5,12,14], and in 3D scene modeling [20,42].

However the SCAAT method represents a new approach to X = filter estimate vector (lower case, hat)
Kalman filter basedhulti-sensor data fusioBecause constraints A = matrix (capital letters) indexed a4, c]
are intentipnallyncorporated one at a time, one can pick and A-1 = matrix inverse

choose which ones to add, and when to add them. This means that . . .

information from different sensors or modalities can be woven = the identity matrix

together in a common, flexible, and expeditious fashion. B- = matrix/vectorprediction (super minus)

Furthermore, one can use the approach to ensure that each estimate T_ .

is computed from the most recently obtained constraint. B" = matrix/vector transpose (super T)
Consider for a moment the UNC hybrid landmark-magnetic a; = matrix/vector/scalar identifier (subscript)

presented at SIGGRAPH 96 [41]. This system uses an off-the-shelf

Ascension magnetic tracking system along with a vision-based

landmark recognition system to achieve superior synthetic and rea :

image registration for augmented reality assisted medical 13'1 Tracklng

procedures. The vision-based component attempts to identify and3 1.1 Main Tracker Filter

locate multiple known landmarks in a single image before ~ ™ ] ) )

applying a correction to the magnetic readings. A SCAAT The use of a Kalman_ filter requires a mathemat!cal (state-space)

implementation would instead identify and locate only one Model for the dynamics of the process to be estimated, the target

only would this approach increase the frequency of landmark- a@ssociated state configurations are possible, we have found a

based correction (given the necessary image processing) but isimpleposition-velocitymodel to suffice for the dynamics of our

would offer the added benefit that unlike the implementation applications. In fact we use this same form of model, with different

presented in [41], no special processing would be needed for theParameters, for aII_ Six of_the position and orientation components

cases where the number of visible landmarks falls below the (X ¥: Z @, 8, 4)) . Discussion of some other potential models and

numberC necessary to determine a complete position andthe associated trade-offs can be found in [7] pp. 415-420. Because

orientation solution. The SCAAT implementation would simply ©OUr implementation is discrete with inter sample tidtte ~ we

cycle through any available landmarks, one at a time. Even withmodel the target's dynamic motion with the following linear

only one visible landmark the method would continue to operate asdifference equation:

usual, using the information provided by the landmark sighting to X(t+3t) = A(Bt)X(t) + W(dt) . (2)

refine the estimate where possible, while increasing the uncertainty ) )

where not. In the standard model corresponding to equation (2),nthe

dimensional Kalman filtestate vectorx(t) would completely
3 METHOD descr_ibe the target position a_1nc_i orientation at any _tlimeT . In
i ) practice we use a method similar to [2,6] and maintain the
The SCAAT method employskalman filter(KF) in an unusual  complete target orientation externally to the Kalman filter in order
fashion. The Kalman filter is a mathematical procedure that 15 avoid the nonlinearities associated with orientation

provides an efficient computational (recursive) method for the computations. In the internal state veckgt) we maintain the

E{¢ = mathematical expectation

least-squares estimation of a linear system. It does so in agrget position as the Cartesian coordinatesy, 2) , and the
predictor-correctorfashion, predicting short-term (since the last ncrementalorientation as small rotation@p, 6, §)  about the
estimate) changes in the state usirdyaamic modeland then (x,y, 2 axis. Externally we maintain the target orientation as the

correcting them with a measurement and a correspondingexternal quaterniom = (o, (0, 0y, 0,)). (See [9] for
measurement modeThe extendedalman filter (EKF) isa  giscussion of quaternions.) At each filter update step, the

variation of the Kalman filter that supports estimationarilinear incremental orientationgp, 6, §)  are factored into the external
systems, e.g. 3D position and orientation tracking systems. A baSiCquaterniond , and then zeroed as shown below. Thus the
introduction to the Kalman filter can be found in Chapter 1 of [31], jncremental orientations are linearized for the EKF, centered about
while a more complete introductory discussion can be found in ;erg. We maintain the derivatives of the target position and
[40], which also contains some interesting historical narrative. grientation internally, in the state vect®ft) . \We maintain the
More extensive references can be found in [7,18,24,28,31,46].  angular velocities internally because the angular velocities behave
The Kalman filter has been employed previously for virtual |ike orthogonal vectors and do not exhibit the nonlinearities of the

environment tracking estimation and prediction. For example seeangles themselves. The target state is then represented by the
[2,5,12,14,42], and most recently [32]. In each of these cases, = 12 element internal state vector

however the filter was applied directly and only to the 6D pose -
estimates delivered by the off-the-shelf tracker. The SCAAT X = [x VZXY208 Y b lﬂ (3)
approach could be applied to either a hybrid system using off-the-
shelf and/or custom trackers, or it could be employed by tracker and the four-element external orientation quaternion
developers to improve the existing systems for the end-user
graphics community. @ = (ay, (0 0y, 00)) )
In this section we describe the method in a manner that doegN
not imply a specific tracking system. (In section 3.4 we present
experimental results of a specific implementation, a SCAAT wide-
area optoelectronic tracking system.) In section 3.1 we describe
the method for tracking, and in section 3.2 we describe one
possible method for concurrent autocalibration.

here the time designations have been omitted for clarity.



The n x n state transition matrixA(dt) in (2) projects the elements, while if the manufacturer were to use the SCAAT
state forward from time to timet + &t . For our linear model, the  implementationm; = 3 for each 3-axis electromagnetic

matrix implements the relationships response to a single excitation. For an image-based landmark
X(t+3t) = x(t) + x(t)5t tracker such as [41] the measurement function would, given
. ) (5) estimates of the camera pose and a single landmark location,
x(t+ot) = x(t) transform the landmark into camera space and then project it onto
and likewise for the remaining elements of (3). the camera image plane. In this casg = 2 for the 2D image
Thenx 1 process noise vectab(3t) in (2) is a normally-  coordinates of the landmark.
distributed zero-mean sequence that represents the uncertainty in ~ The m;x1 measurement noise vectdg(t) in (8) is a
the target state over any time interd&l . The corresporing normally-distributed zero-mean sequence that represents any
process noise covariance matiixgiven by random error (e.g. electrical noise) in the measurement. This
(&) 0 parameter can be determined from component design
_ Q(at), €= specifications, and (or) confirmed by off-line measurement. For
ELWENw(Et+ e} = H 0 €20 (6) our simulations we did both. The correspondimg x m;
' measurement noise covariance maisigiven by
Because our implementation is discrete with inter sampledime R.(1) =0
we can use the transfer function method illustrated by [7] pp. 221- E{ vc(t)vg(t +e)} =[O oy . 9)
222 to compute aampledprocess noise covariance matrix. o o, ez0

(Because the associated random processes are presumed to be time ) )
stationary, we present the process noise covariance matrix as &or each measurement functidiy(+) ~ we determine the
function of the inter-sample duratiak  only.) The non-zero corresponding Jacobian function

elements ofQ(dt) are given by Ho(X(), th &)l i] =Lﬁo(k(t), th &Il (10)

. - (31)3 ~Ox[]]
Qi1 = i1 G- | o
wherel<i<m, andl<j<n . Finally, we note the use of the

— S s ()2 ) standard (Kalman filtern x n error covariance matrixP(t)
Q(an)[i, j1 = Q(dYI},iT =nlil*= which maintains the covariance of the error in the estimated state.
QY[ il =nLi1GY) 3.1.2 Tracking Algorithm
for each pair Given an initial state estimat§0)  and error covariance estimate
o ) . ) : . ) P(0), the SCAAT algorithm proceeds similarly to a conventional
() O{(x%,(y,9.(z 2,(9 @,(6,6),(w, )} . EKF, cycling through the following steps whenever a discrete

. ) measurement; , from some senfigpe o) and source becomes
Thef[i] in (7) are theorrelation kernelsof the (assumed  gqilable at timd

constant) noise sources presumed to be driving the dynamic . . . .
model. We determined a set of values using Powell's method, and® Compute the timét  since the previous estimate.
then used these in both simulation and our real implementation.h. Predicthe state and error covariance.
The values can be “tuned” for different dynamics, though we have
found that the tracker works well over a broad range of values. X = A(Bt)X(t—ot) (11)
The use of a Kalman filter requires not only a dynamic model P- = A(Bt)P(t—5t)AT(5t) + Q(5t)
as described above, but alson@asurement modébr each
available type of measurement. The measurement model is used to. Predicthe measurement and compute the corresponding Jaco-
predict the ideal noise-free response of each sensor and sourckian.
pair, given the filter's current estimate of the target state as in

equations (3) and (4). 2 = Ag(%, by, ¢) (12)
It is the nature of the measurement models and indeed H = H (%, by, &)
the actual sensor measurements that distinguishes a
SCAAT Kalman filter from a well-constrained one. d. Compute th&alman gain
For each sensdypeo we define them;x1 measurement K = PPHT(HP-HT + R (1))} (13)
vectorz,(t) and correspondingieasurement functiong(s) such o
that e. Compute theesidualbetween the actual sensor measurement
2oy = Rg(X(1), By, &) + v, (1) . (8) z, , and the predicted measurement from (12).
Note that in the “purest” SCAAT implementatiom, = 1 and the Az = %,~2 (14)

measurements are incorporated as single scalar values. However {}f
it is not possible or necessary to isolate the measurements, e.g. tﬂ
perform autocalibration, then multi-dimensional measurements

Correct the predicted tracker state estimate and error covariance
om (11).

can be incorporated also. Guidelines presented in [47] lead to the X(t) = % + KAz
following heuristic for choosing the SCAAT Kalman filter ) (15)
measurement elements (constraints): P(t) = (1 -KH)P

During each SCAAT Kalman filter measurement update
one should observe a single sensor and source pair only.

For example, to incorporate magnetic tracker data as an end-user,
m, = 7 for the three position and four orientation (quaternion)



g. Update the external orientation of equation (4) per the changemeasurement function and associated Jacobian, it inherently
indicated by the@, 6, ) elements of the state. reflects the amount and direction of information provided by the
. N . . individual constraint.
Ad = quaternioiX[ @], X[0], X[W]) (16)

& = & 006 3.2 Autocalibration
h. Zero the orientation elements of the state vector. The method we use for autocalibration involeegymentinghe
R R R main tracker filterpresented in section 3.1 to effectively
X[@] = X[6] = X[y] =0 17) implement a distinctlevice filter a Kalman filter, for each source

or sensor to be calibrated. (We use the word “device” here to
include for example scene landmarks which can be thought of as

can be optimized to eliminate operations on matrix and vector pgisel;/ael Sgrl:rc:(;sr'];g?]tcg;nﬁézsr‘glg't%hd arSr;nnigfgrssigse?jrsb') l;
elements that are known to be zero. For example, the elements of » any p y

the JacobiadH in (12) that correspond to the velocities in the Staténetasulr%met_nt functt;]ollc,(;/z/ from (8)thartetﬁand|datest for :h'i
X(t) will always be zero. In addition, the matrix inverted in the autocalibration method. Ye assume that the parameters to be

computation oK i (13) is of rank,, 2(<2 for our example in estimated are contained in the device parameter velgtors ¢, and
section 3.4) which is smaller for a SCAAT filter than for a and we also present the case where both the source and sensor are

corresponding conventional EKF implementation. Finally, the to be calibrated since omission of one or the other is trivial. We
increased data rate allows the use of gmeall angle note the following new convention.

approximationssin(8) = 8 and cos(8) = 1 infy(s) and o = augmented matrix/vector (wide hat)

Hy() . The totalper estimatecomputation time can therefore

actually be less than that of a corresponding conventional 3.2.1 Device Filters

implementation. (We are able to execute the SCAAT filter For each device (source, sensor, landmark, etc.) we create a
computations, with the autocalibration computations discussed indistinct device filter as follc;ws. Let ' represent‘the éorresponding

The equations (11)-(17) may seem computationally complex,
however they can be performed quite efficiently. The computations

the next section, in approximatelhoOus  on a 200 MHz PC- device parameter vector ang = length(To)
compatible computer.) R S

a. Allocate ann_ x1 state vectd,  for the device, initialize
3.1.3 Discussion with the besh priori device parameter estimates, e.g. from design.
The key to the SCAAT method is the number of constraints b. Allocate ann_x n,noise covariance mat@(dt) , initialize

provided by the measurement vector and measurement function irwith the expected parameter variances.
equation (8). For the 3D-tracking problem being solved, a unique
solution requiresC = 6 non-degenerate constraints to resolve six
degrees of freedom. Because individual sensor measurement
typically provide less than six constraints, conventional

implementations usually construct a complete measurement vector3 2 2 Revised Tracking Algorithm

c. Allocate ann_ x n error covariance matfx(t) , initialize to
indicate the level of confidence in thepriori device parameter
Bstimates from (a) above.

2 = [ZT 5T T The algorithm for tracking with concurrent autocalibration is the
Oply ©" TOn by same as that presented in section 3.1, with the following
exceptions. After step (a) in the original algorithm, we form

from some group oN > C individual sensor measurements over -
augmented versions of the state vector

time t;...ty , andthenproceed to compute an estimate. Or a
particular implementation may operate imaving-window
fashion, combining the most recent measurement witi\thel
previous measurements, possibly implementing a form of a finite- . .
impulse-response filter. In any case, for such well-constrained the error covariance matrix
systems complete observability is obtained at each step of the
filter. Systems that collect measurements sequentially in this way P(t-ot) 0 0
inherently violate the simultaneity assumption, as well as increase '5(t—6t) = 0 P, (t—5t) 0 . (19)
the timedt between estimates. '

In contrast, the SCAAT method blends individual 0 0 P, (t=2t)
measurements that each provide incomplete constraints into a - .
complete state estimate. The EKF inherently provides the meandh® State transition matrix
for this blending, no matter how complete the information content

X (t-3t) = [xT(t—ét) T (t-3t) xgt(t—ét)]T, (18)

of each individual measuremen} ; . The EKF accomplishes this —~ _ Ay 0 0 20
through the Kalman gait  which is computed in (13). The A(t) = | o [ 0 [ (20)
Kalman gain, which is used to adjust the state and the error 0 0 |

covariance in (15), is optimal in the sense that it minimizes the

error covariance if certain conditions are met. Note that the and the process noise matrix

inversion in (13) forms a ratio that reflects the relative uncertainties

of the state and the measurement. Note too that the ratio is affected Q(dt) 0 0

by the use of the measurement function Jacobian . Because the Q) = 0 Q3 0 . (21)
Jacobian reflects the rate of change of each measurement with '

respect to the current state, it indicates a direction in state space 0 0 Qg 3t)

along which a measurement coyddssiblyaffect the state.
Because the gain is recomputed at each step with the appropriate

" The operationd [J A0 is used to indicate a quaternion multiply [9].



We then follow steps (b)-(h) from the original algorithm, making 3.3 Stabi”ty

the appropriate substitutions of (18)-(21), and noting that the o .
measurement and Jacobian functions used in step (c) have beconfeecause the SCAAT method uses individual measurements with

Fg(X (1)) andH, (R (1)) because the estimates of paramégers  'nsufficient information, one might be concerned about the
agdc & angS( ) are now contained in the augmented Statepotentlal for instability or divergence. A linear system is said to be
vectotr va tper (18C)t. After step (h) we finish by extracting and stable if its response to any input tends to a finite steady value after

saving the device filter portions of the augmented state vector anothe |r!p|ut is removed [24]. For thde ﬁalman filter 'g ggneral_thls IS
error covariance matrix certainly not a new concern, and there are standard requirements

and corresponding tests that ensure or detect stability (see [18],

R, (1) = X(O[i...]] p. 132):
~ e a. The filter must be uniformly completely observable,
Pb’t(t) = P(V)[i...j,i...j] ) ) i ) )
(22) b. the dynamic and measurement noise matrices in equations (6)
X, (1) = X(D)[k...1] and (9) must be bounded from above and below, and
= c. the dynamic behavior represented A{bdt) in equation (2)
Pe, (1) = P(Olk...1k...1] must be bounded from above.
where As it turns out, these conditions and their standard tests are equally
i=n+1 applicable to a SCAAT implementation. For the SCAAT method

the conditions mean that the user dynamics between estimates
must be bounded, the measurement noise must be bounded, one
kK=n+n+1 must incorporate a sufficient set of non-degenerate consivagts
time.In particular, the constraints must be incorporated in less than
1/2 the time of the user motion time-constant in order to avoid
andn ,n, , anch, are the dimensions of the state vectors for thetracking an alias of the true motion. In general these conditions are
main tracker filter, the source filter, and the sensor filter €asily met for systems and circumstances that would otherwise be
(respectively). We leave the main tracker filter state vector and Stable with a multiple-constraint implementation. A complete
error covariance matrix in their augmented counterparts, while westability analysis is beyond the scope of this paper, and is presented
swap the device filter components in and out with each estimatein [47]-

The result is that individual device filters are updated less .

frequently than the main tracker filter. The more a device is used,3-4 Measurement Ordering

the more it is calibrated. If a device is never used, it is never Beyond a simple round-robin approach, one might envision a
calibrated. measurement scheduling algorithm that makes better use of the
With respect to added time complexity, the computations can avajlable resources. In doing so one would like to be able to
again be optimized to eliminate operations on matrix and vector monitor and control uncertainty in the state vector. By periodically
elements that are known to be zero: those places mentioned ipbserving the eigenvalues and eigenvectors of the error covariance
section 3.1, and see (19)-(21). Also note that the size of and thusnatrix P(t) , one can determine the directions in state-space along
time for the matrix inversion in (13) has not changed. With respectwhich more or less information is needed [21]. This approach can

to added space complexity, the autocalibration method requirespe used to monitor the stability of the tracker, and to guide the
storing a separate state vector and covariance matrix for eachsource/sensor ordering.

device—a fixed amount of (generally small) space per device. For

example, consider autocalibrating the beacon (LED) positions for 4 EXPERIMENTS

an optical tracking system with 3,000 beacons. For each beacon ] . )

one would need 3 words for the beacon state (its 3D position),We are using the SCAAT approach in the current version of the

j =n+ny

I = n+ny+n,

3x 3 = 9 words for the noise covariance matrix, e 3 = 9 UNC wide-area optoelectronic tracking system known as the
words for the error covariance matrix. Assuming 8 bytes per word, HiBall tracker TheHiBall, shown below in Figure 3, incorporates
this is only3,000x 8x ( 3+ 9% 9 = 504,000 bytes. six optical sensors and six lenses with infrared filters into one golf
ball sized sensing unit that can be worn on a user’s head or hand.
3.2.3 Discussion The principal mechanical component of the HiBall, the senor

housing unit, was fabricated by researchers at the University of
aLlitah using theiml modeling environment.

Because the HiBall sensors and lenses share a common
transparent space in the center of the housing, a single sensor can
sctually sense light through more than one lens. By making use of

The ability to simultaneously estimate two dependent sets of
unknowns (the target and device states) is made possible by sever
factors. First, the dynamics of the two sets are very different as
would be reflected in the process noise matrices. We assume th

iga%i':els |:1”t1k? eerr]%?s'gg asrgm:téfn%%gf[)(coni?]t?Gn)t)C%%(\:/ZIrgé?“Svg’aII of theseviewswe end up with effectively 26 “cameras”. These
P ' ¥: W€ cameras are then used to observe ceiling-mounted light-emitting

ass%rtnefg;eads((e)\ﬂ(r:fep; rgg:gg:zi%elC?gﬁéi?tésngnso (\)/vg]dezllﬁ;nn?et:& des (LEDSs) to track the position and orientation of the HiBall.

.Qn( ) - .p y y This inside-looking-out approach was first used with the previous
in the (_:c_)rrespopdmg parameters: usually zero or ex_tremely s_ma”‘UNC optoelectronic tracking system [44] which spanned most of
In addition, while the target is expected to be moving, the filter the user’s head and weighed approximately ten pounds, not

expects the motion between any two estimations to closely ., ,qing 5 backpack containing some electronics. In contrast, the
correspond to the velocity estimates in the state (3). If the trackerHiBaII sensing unit is the size of a golf ball and weighs only five

estimate rate is high enough, poorly estimated device parameter?)uncesjncludingthe electronics. The combination of reduced

will result in what appears to be almost instantaneous target_ . : :
. . weight, smaller packaging, and the new SCAAT algorithm results
motion. The increased rate of the SCAAT method allows such in a very ergonomic, fast, and accurate system.

rrens?itr:;)arletc(i) dbeevirc(?ecogrgriz(tje?ss unlikely, and attributed to poorly In this section we present results from both simulations
p ) performed during the design and development of the HiBall, and



For the tracking algorithm, we simulated both the SCAAT
method (section 3.1, modified per section 3.2 for autocalibration)
and several multiple-constraint methods, including the Collinearity
method [3] and several variations of moving window (finite
impulse response) methods. For each of the methods we varied the
measurement noise, the measurement frequency, and the beacon
position error. For the multiple constraint methods we also varied
the number of constraints (beacon observations) per estihate
In each case the respective estimates were compared with the truth
data set for performance evaluation.

4.1 Tracker Filter

The 12 element state vectd(t) for the main tracker filter
contained the elements shown in (3). Each of the 3000 beacon
filters was allocated a 3 element state vector

%= o3

where(x,, ¥,,, Z,) represents the beacon’s estimated position in
cartesian (world) coordinates. TA@ x 12  state transition matrix
for the main tracker filter was formed as discussed section 3.1, and
for each beacon filter it was th&x 3 identity matrix. The
12 x 12 process noise matrix for the main tracker was computed
B using (7), using elements §f  that were determined off-line using
Figure 3: The HiBall is shown here with the internal circuitry Powell's method and a variety of real motion data. For each beacon
exposed and the lenses removed. The sensors, which can be seerfilter we used an identical noise covariance matrix
through the lens openings, are mounted on PC boards that fold-
up into the HiBall upon assembly. The mechanical pencil at the ..o Oy
bottom conveys an indication of the relative size of the unit. Q). j] = B 0

if i = |

otherwise

preliminary results from the actual implementation. The for 1<i,j <3, with beacon position variancg,  also determined
simulations are useful because we have control over the “truth” off-line. (See [47] for the complete details.) At each estimate step,
and can perform controlled experiments. The results from thetheaugmentedl5 element state vectotsx 15  process noise
actual implementation serve to demonstrate actual operation and ténatrix, 15x 15 state transition matrix, antbx 15  error
provide some support for our accuracy and stability claims. covariance matrix all resembled (18)-(21) (without the camera
With respect to the SCAAT implementation, the tracker parameter components). The measurement noise model was
sensorsare the HiBall cameras and the trackeurcesare the  distance dependent (beacon light falls-off with distanceR @)
ceiling-mounted 2D array of approximately 3000 electronic from (9) was computed prior to step (d), by using a beacon
beacons (LEDs). The cameras provide a single 2D measuremenglistance estimate (obtained from the user and beacon positions in
vector, i.e. a 2D constraint, which is the, v) image coordinates the predicted stat&” ) to project a distance-dependent electrical
of the beacon as seen by the camera. So for this example, 2 variance onto the camera.
andz; = [u,V]T . The measurement functig(+) transforms Ce e .
the beacon into camera coordinates and then projects it onto thét.2 Initialization

camera’s image plane in order to predict the camera response.  The position and orientation elements of the main tracker state
For the simulations we generated individual measurement yere initialized with the true user position and orientation, and the
events (a single beacon activation followed by a single camerayg|ocities were initialized to zero. The 3000 beacon filter state
reading) at a rate of 1000 Hz, and corrupted the measurementgectors were initialized with (potentially erroneous) beacon
using the noise models detailed in [8]. We tested components ofyosition estimates. The main tracker error covariance matrix was

our real system in a laboratory and found the noise models in [8] tojnjtialized to the null matrix. All beacon filter error covariance
be reasonably accurate, if not pessimistic. We also perturbed thenatrices were initialized to

3D beacon positions prior to simulations with a normally-
distributed noise source with approximately 1.7 millimeters .- [(0.001)2 if i =]
standard deviation. We controlled all random number generators to Pp(O)[i,i] = O :

- . X 0 0 otherwise
facilitate method comparisons with common random sequences.
To evaluate the filter performance we needed some referenceor 1<i, j < 3, to reflect 1 millimeter of uncertainty in the initial

data. Our solution was to collect motion data frogal-user beacon positions.
sessions with a conventional tracking system, and then to filter the  while for the presented simulations we initialized the filter
data to remove high frequency noise. We ttefinedthis data to state with the true user pose information, we also performed (but
be the “truth”. We did this for seven such sessions. will not show here) simulations in which the state elements were
The simulator operated by sampling the truth data, choosinginitialized to arbitrary values, e.g. all zeros. It is a testament to the
one beacon and camera (round-robin from within the set of valid stability of the method that in most cases the filter completely
combinations), computing the corresponding camera measuremengonverged in under a tenth of a second, i.e. with fewer than 100
vectorz,  , and then adding some measurement noise. The (noisyineasurements. (In a few cases the camera was facing away from

measurement vector, the camera parameter vegtor  (position anghe beacon, a condition not handled by our simulator.)
orientation in user coordinates), and the beacon parameter vector

Bt (position in world coordinates) were then sent to the tracker.



47
3 5_: region of the
"~ figure below
w ]
g 3
£ ]
e
S 5]
= 2.5
o i
o i
2-
0 60 120 180
time (seconds)
w
0]
o}
E
E
c
=)
i
o
o
| s SCAAT
| — — — . Collinearity
O 1 1 I 1 1 I 1 1 I
179.3 179.4 179.5 179.6

time (seconds)

Figure 4: The upper plot depicts the entire 3 minutesaxiis
position data from user motion data set ‘a’ of sets ‘a’-'f’. The
lower plot shows a close-up of a short portion of the simulation.
Collinearity here usetl = 10 beacons per observation, hence
its lower estimate rate. On the other hand, notice that the SCAAT
estimates and the actual (truth) data are almost indistinguishable.

4.3 Simulation Results

We present here only comparisons of the SCAAT method with the
Collinearity method, the “conventional approach” mentioned in
the accompanying video. More extensive simulation results can be
found in [47], including tests for stability under “cold starts” and
periodic loss of data. All error measures reflect the RMS position
error for a set of three imaginary points located approximately at
arms length. This approach combines both position and orientation
error into a metric that is related to the error a user would
encounter in [HMD] screen space.

Figure 4 contains two related plots. The upper plot shows the
entire three minutes (180 seconds) of tkaxis position for the
first of seven data sets, data set ‘a’. The lower plot shows a close-
up of a particular segment of 300 milliseconds near the end. Notice
that the Collinearity estimates appear very jerky. This is partially a
result of the lower estimate rate, it is usihg= 10 beacon
observations to compute an estimate, and partially due to the
method’s inability to deal with the erroneous beacon position data.
In contrast, the SCAAT method hugs the actual motion track,
appearing both smooth and accurate. This is partly a result of the
higher update rate (10 times Collinearity here), and partly the
effects of Kalman filtering, but mostly the accuracy is a result of
the SCAAT autocalibration scheme. With the autocalibration
turned on, the initially erroneous beacon positions are being
refined at the same high rate that user pose estimates are generated.

Figure 5 shows progressively improving estimates as the
number of beaconll is reduced from 15 (Collinearity) down to 1
(SCAAT), and a clear improvement in the accuracy when
autocalibration is on. Consider for a moment that the motion
prediction work of Azuma and Bishop [4] was based on jerky
Collinearity estimates similar to those in Figure 4. The smooth and
accurate SCAAT estimation should provide a much better basis for
motion prediction, which could in turn provide a more effective
means for addressing other system latencies such as those in the
rendering pipeline. The improved accuracy should also improve
post-rendering warping or image deflection [32,39].
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Figure 5: As the number of beacdds  is reduced from 15 to 5,
the Collinearity results improve slightly. (The Collinearity
algorithm generally becomes unstable < .) The
SCAAT results, withN = 1 beacons, are better, and
especially good once autocalibration is turned on.



As further evidence of the smoothing offered by the SCAAT

approach, Figure 6 presents an error spectra comparison between
Collinearity implementation wittN = 10 , and a SCAAT Collinearity
implementation with and without autocalibration. Even without 100 E
autocalibration the SCAAT output has significantly less noise than ]
collinearity, and with autocalibration it is better by more than a & ] SCAAT
factor of 10. These reductions in noise are clearly visible to the .
HMD user as a reduction in the amount of jitter in virtual-world @ 10 — | |
objects. EhaE E SCAAT t
E ]
10 m— =« Collinearity 5 ] _ - __ —
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\,\ s Figure 7: RMS error results for simulations of all seven real
user motion data sets. The T symbol indicates a second pass
through the motion data set, this time using the already
0.01 ~x] autocalibrated beacons.
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Figure 6: Here we show an error spectra comparison for the = 1] | 1.73 mm RMS (measured)
Collinearity method withN = 10 beacons, and the SCAAT k= 1 — e T —
method with and without autocalibration. Sosd{ b |
5 |
Figure 7 provides results for all seven of the real-user motion 2 0'6’:7 T T ] B EBE R
data sets. Again the Collinearity implementations observe X g, 1 f [ | [ | || | O
N = 10 beacons per estimate, while the SCAAT implementations 1
observe onlyN = 1 . Because the beacon positions were being 024+ (—— [ [ —
autocalibrated during the SCAAT run, we repeated each run, the ]
second time using the beacon position estimation results from the 0 a b . q o ; g

first simulation. The more beacons are sighted during tracking, the

better they are located. The second-pass simulation results are data set

identified with the dagger () in Figure 7. Figure 8: Autocalibration in action. Here we show the final
Figure 8 presents results that support the claim that the beacon position error for runs through each of the seven user

beacon location estimates are actually improving during tracking motion data sets.

with autocalibration, as opposed to simply shifting to reduce

spectral noise. Note that in the case of data set ‘d’, the beacon error ] ) ) ] .
was reduced nearly 60%. effectively that any multiple-constraint method. This again arises

Finally, we simulated using the SCAAT approach with from the method's inherent isolation of individual observations.
tracking hardware that allowed truly simultaneous observations of
beacons. For the Collinearity and other multiple-constraint 4.4 Real Results
methods we simply used the methods as usual, except that weye have demonstrated the SCAAT algorithm with the HiBall
passed them truly simultaneous measurements. For the SCAATracker, a head-mounted display, and a real application. However,
method we took thé&l ~ simultaneous observations, and simply at the time of the submission of this publication we have yet to

processed them one at a time with= 0 . (See equation (2).) Weperform extensive optimization and analysis. As such we present
were, at first, surprised to see that even under these ideahere only limited, albeit compelling results.

circumstances the SCAAT implementation could perform better, The SCAAT code runs on a 200 MHz PC-compatible
even significantly better than a multiple-constraint method with computer with a custom interface board. With unoptimized code,
simultaneous constraints. The reason seems to be autocalibratiorhe system generates new estimates at approximately 700 Hz. We
Even though the multiple-constraint methods were “helped” by the expect the optimized version to operate at over 1000 Hz. Out of the
truly simultaneous observations, the SCAAT method still had the approximate|y 1.4 millisecond period’ the unoptimized SCAAT
advantage in that it could still autocalibrate the beacons morecode takes approximately 100 microseconds and sampling of the
sensors takes approximately 200 microseconds. The remaining




time is spent on overhead including a significant amount of the user could be theoreticabiyywhere Similarly, knowledge
unoptimized code to choose an LED and to gather results. about where the user was a moment ago is only an indicator of
In one experiment we set the HiBall on a flat surface under where the usemightbe now. But used together, these two sources
the ceiling beacons and collected several minutes worth of data.of information can offer more constraints than either alone. With a
Given that the platform was relatively stable, we believe that the Kalman filter we can extract the information from the previous
deviation of the estimates provides an indication of the noise in thestate and a new (individual) measurement, and blend them to form
system. Also, because the HiBall was not moving, we were able toa better estimate than would be possible using either alone.
observe the progressive effects of the autocalibration. The standard  The SCAAT method is accurate, stable, fast, and flexible, and
deviationof the position estimates for the first 15 seconds is shown we believe it can be used to improve the performance of a wide

in Figure 9. With autocalibration off, the estimates deviate

approximately 6.0 millimeters in translation and 0.25 degrees in
orientation (not shown). With autocalibration on, notice in Figure 9

how the deviation decreases with time, settling at approximately
0.3 millimeters in translation and 0.01 degrees in orientation (again
not shown).
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Figure 9: SCAAT position (only) estimate deviation for a Hiball
sitting still on a flat surface, with and without autocalibration.

In another experiment we mounted the HiBall on a calibrated
translation rail of length one meter, and slid (by hand) the HiBall

from one end to the other and then back again. The disagreemerﬁ
between the HiBall and the calibrated position on the rail was less

than 0.5 millimeters. The deviation of the measured track from co-
linearity was 0.9 millimeters. Because the tolerances of our simple
test fixture are of similar magnitude, we are unable to draw
conclusions about how much of this disagreement should be
attributed to error in the tracking system.

5 CONCLUSIONS
Stepping back from the details of the SCAAT method, we see an

variety of commercial and custom tracking systems.
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