SCAAT: Incremental Tracking with Incomplete Information
Greg Welch and Gary Bishop

University of North Carolina at Chapel Hill

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.
Graphics] Three-Dimensional Graphics and Realism—YVirtual
reality; 1.4.4 [Image Processing] Restoration—Kalman filtering; 1.1 Incomplete Information
1.4.8 [Image Processing] Scene Analysis—Sensor fusion; G.0
[Mathematics of Computing] General—Numerical Analysis,
Probability and Statistics, Mathematical Software.

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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latency, sensor fusion, Kalman filter.

T CB 3175, Sitterson Hall, Chapel Hill, NC, 27599-3175 characterized asnobservablédecause the user state cannot be
welch@cs.unc.edu, http://www.cs.unc.edu/~welch observed (determined) from the measurements.
gb@cs.unc.edu, http://www.cs.unc.edu/~gb The notion of observability can also be described in terms of

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

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

N;,q= C, i.e. to use enough measurements to well-constrain or even over- -constrain the estimate. The SCAAT approac is to employ the
smallest number of constraints available at any one time, genbralyN; 4 = 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 characterizedoaslly
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 S|mu|tane|ty Assumpt|on

in the same camera images. S | well.k wal © tracki . lect
In general, for closed-form tracking approaches, a well or S€veral well-known virtual environment tracking systems collec

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 example, 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 to fac_llltat_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
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 tionIf the t ¢ tionl thi ¢
image processing to identify and locate the individual landmarks 2SSumptionif the target remains motionless 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 the assumptlon !ntroduces error. . .

To put things into perspective, consider that typical arm and

are artificial marks placed on the skin of an ultrasound patient for e
the purpose of landmark-based tracking [41], batch processing OfWI’ISt motion can occur in as little as 1/2 second, with typical “fast
the landmarks can reduce the effectiveness of the system. AWwrist tangential motion occurring at 3 meters/second [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 caW&andmark approximately 2 to 6 centimeters of translattbroughoutthe

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.
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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)

Sonstralnts 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 te= Nt +t
parameters. For example it can be difficult to determine the exact €
geometric relationship between the various sensors of a hybrid
system. Consider that the coordinate system of a magnetic sensor e
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 observd®< 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.

c

1 (1)
Nt +1,

"'Il—\

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
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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 % = filter estimate vector (lower case, hat)
Kalman filter basedhulti-sensor data fusiorBecause constraints A = matrix (capital letters) indexed &4, ]
are intentionallyincorporated 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 {5 ayoid 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.
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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 sampledprocess 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 Sox[]]
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%, (., 9. (z 2,(9 @,(6,0), (P, Y)} . EKF, cycling through the following steps whenever a discrete

. ) measurement; , from some senfigpeo) 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.b. 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 sensor typewe 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 = 7,2 (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)
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