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Abstract— Accurate human body tracking is extremely
important for many virtual and augmented reality systems.
However, tracking human motion is extremely dif cult. Some
of the dif culties arise from the fact that accurate process
models of human motion are dif cult to derive. Approximate
models can have substantial time-correlated process noise
terms. In this paper we examine the effectivenessof using
the Split Covariance Addition (SCA) algorithm as part of
a human head orientation estimation system. We perform a
series of empirical experimentsto compare the performance
of several implementations of SCA with an Extended Kalman
Filter (EKF). The resultssuggestthat the bene ts of SCA are
mixed. It leadsto Iters which are slightly more robust and
have slightly more accurate angular velocity estimatesthan
the KF. However, the absolute orientation estimateis slightly
worse than the EKF.

|. INTRODUCTION

Human body tracking is extremely importantfor mary
virtual and augmentedreality systems[1]. Accuratehead
trackingis usedto calculatethe viewpoint from which the
graphicsare drawvn. Other parts of a users body (suchas
wrists and hands)are often tracked to permit the use of
3D interactiondevices [2]. However, peopleare extremely
sensitve to errors in tracking. For example, lateny in
estimatingheadorientationof only a few millisecondscan
at bestbe distractingandat worstleadto cybersicknes$3].
Similarly, errorsin tracking of the other partsof a human
body can male the systemdif cult to interactwith anduse
effectively [4].

The solutionto theseproblemsis to use an appropriate
estimationalgorithmwhich canbe usedto Iter noisefrom
tracking systemsand predict the future state to reduce
the effects of lateny [5]. However, developing a suitable
estimator can be extremely dif cult. Head motion, for
example,often consistof long periodsof relative inactivity
punctuatedby short bursts of violent activity (angularac-
celerationcanexceed600 s 2) [5]. Motions often contain
substantiatime correlationswhich can degradethe lter' s
performance.

Theseproblemshave beenpartially overcomethroughthe
use of Multiple Model Adaptive Estimation(MMAE) [6,
7]. A bankof lters areimplementedvhereeach Iter uses
a processmodelwhich correspondgo a particularclassof
headmotion (suchasheadis still, headis turningat constant
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angularvelocity, headis turning at constantangularaccel-
eration).Each Iter operatesndependentlyandin parallel

with all other lters. Probabilisticdecisionrules, basedon

the likelihood of the innovation, are usedto evaluatethe

probability that, at ary given time, a particular model is

correct. Although Kyger [6] reportsthat MMAE schemes
yield betterestimateghan single predictionschemeseach
Iter is still implementedunder the assumptionthat the

processhoise terms act independently However, because
no lter is truly an accuratedescriptionof the trajectory

time correlatederrorsare still introducedand degradethe

performanceof the Iter.

To addresghe issueof predictionin systemswith corre-
lated noiseterms,an algorithmknown as Split Covariance
Addition (SCA) hasbeendeveloped[8]. Giventwo random
variables whose meansand covariancesare known, but
have unknovn correlations,SCA calculatesthe smallest
covariancewhich is guaranteedo be consistentTherefore,
SCA hasthe potentialto addressmary of the issuescon-
cernedwith humanmotion tracking.However, no empirical
analysisof the performanceof SCA hasbeenconducted.

This paperperformsthe rst empirical study on the use
of SCA to help re ne the estimatesof human motion.
Although there are mary different types of motion that
could be examined,we focus on headorientationbecause
of its importancein providing visual delity [9]. The study
suggestghat, comparedwith an ExtendedKalman Filter
(EKF), the bene ts of using SCA are mixed and maiginal.
Althoughtheresultingestimatoris slightly morerobustand
has slightly more accurateangularvelocity estimatesthe
absoluteorientationestimateis slightly worsethan that of
an EKF. However, given the limitations of the study we
believe the resultsindicatethat moreresearchs warranted.

Il. THE EKF AND SCA ALGORITHMS
A. SystenDescription
The systemis describedby the equations

X (k+ 1) = f[x(k);u(k);v(k);K]
z(k+1)=h[x(k+ 1);u(k);w(k+ 1);k];

where x (k + 1) is the state vector u (k) is the control
input,v (k) istheprocessoise,andf [ ; ; ; ]isthediscrete
time statetransitionequation,z (k + 1) is the obseration
vectorw (k + 1) theobsenationnoisevectorandh [; ; ; ]
the discretetime obsenation equation.The noise vectors
v (k) andw (k + 1) areassumedo zero-mearand uncor
relatedwith covariancesQ (k) andR (k + 1) respectiely.
The validity of this assumptiorwill be consideredater



The purposeof the estimatoris to generatea consistent
estimateof x (i). Usingthe notationfrom [10], the estimate
of x (i) usingall obserationsupto timej is & (i jj) with
covarianceP (i jj). Let x(ijj) = x(i) R(ijj). The
estimateis consistentf

P@ji) Ex@ji)x"(iji) o0
where 0 meansthat the difference betweenthe two
matricesis positive semide nite. In otherwords, the Iter

shouldnever underestimatethe meansquarederrorin the
estimate.

B. Kalman Filter

TheKF utilizestwo steps:predictionfollowed by update.
In the prediction step, the estimateat time step k is
projectedto the currenttime k + 1,

R(k+ 1jk)=f[R(kjk);u(k);0;k] 1)
P(k+1jk) = r(k+1)PKjk) r(k+1)
+ Q(K); 2)

where ¢ (k + 1) is the (linearized)transformatiormatrix.

The update step combinesthe measurementvith the
prediction using a minimum mean squarederror linear
updaterule,

R(k+1jk+1D)=R(Kk+1jk+W (k+1) (k+1)
3)

Pk+1jk+1)=X((k+DHPk+1jk)XT (k+ 1)
+W (k+ )R (k+ D)W T (k+ 1)

where
Ck+1)=P(k+1jkr h (4)
S(k+1)=r "ThC(k+ 1)+ R(k+ 1) (5)
W(k+1)=C(k+ 1S Y(k+ 1) (6)
X(k+1)=1 W(k+2Drh (7)

(k+1)=2z(k+1) h[g(k+ 1jk);u(k);0;K]:

Given that the predictionis consistentandR (k + 1) is
a conserative estimateof the obseration noise,the update
producedby the Iter is guaranteedo be consisten11].
Therefore,assuminga conserative estimatefor the obser
vation noisecan be determined, the problembecomesone
of determininga consistentcovarianceprediction.

When the processnoise is independentthe prediction
covariance is given by (2). However the processnoise
is rarely independentbecausealmost ary systemmodel
containsmodeling errors. Thesemodeling errors manifest
themselesastime correlationdn the processoise[12]. To
ensurethatthe Iter remainsconsistentthe usualapproach
is to tune (in ate) Q (k) until the Iter becomesconsis-
tent. However, if the structureof the processnoise model

1For the tracking systemadescribecherethis is, in practice,a nontrivial
problembecausehe accurag of atracler is oftendependean the current
con guration andlocationof a trackingsensarFor this paperwe usedthe
manufcturers speci cations.

doesnot approximatethe structureof the time correlations
very accurately substantialperformancepenaltiescan be

accrued12]. Anotherapproachis to investigate the useof

robust predictionalgorithms.

C. Split Covariance Addition

Supposethat the error in the estimate x (k j k), canbe
decomposedhto two terms

x(kjk)=x (kjk)+ xc (kjk):

The rst term correspondgo errors which are known to

be independentThe secondcorrespondgo errors which

containtime correlations.In the caseof headtracking, the

rst error componentcorrespondgo the integratedeffects
of obsenation noisesandindependenprocessoiseterms.
The secondcomponentaccountsfor the correlatedprocess
noiseterms.

The covarianceof R (k j k) is

P(kkjk)=Pc(kjk)+ P, (kjk):

Assumingthat the processnoise can similarly be decom-
posedinto independentind correlatedterms

v (k) = vy (k) + ve (k)

with covariancesQ, (k) andQ¢ (k) respectrely, the Split
CovarianceAddition (SCA) algorithmis

Po(k+1jk)= p(k+ 1P, (kjk) [(k+ 1)
+ Q (k)

Pc(k+1jk)= g (k+1)Pc(kjk) [ (k+1)=!
+Qc(k)=(1 )

wherethe parametet 2 (0; 1) is chosernto minimize some
measuref uncertaintyin P (k + 1] k). In [8] it wasproved
thatif the prior estimateis consistent
P(kjk)
Pc (kjk)

E x(kjk)x"(kjk) 0
E xc(kjk)xt (kjk) 0

andthe processnoiseis consistent

Qi (k)
Qc (k)

thenthe estimate

Ev, (v (k) O
E ve(K)vi(k) O

E x(k+1jk)x" (k+1jk) O
E xc(k+ 1jk)xt (k+1jk) 0

P(k+1jk)
Pc(k+ 1jk)
will be consistentirrespectve of the correlation between

xc (kjk) andve (k+ 1).

The updatecan be decomposedo that correlatedand
independentermsare maintained Replacing(4) by

C(k+1)= (P (k+ 1jk) + Pc(k+ 1jk)r Th;



S(k+ 1) andW (k + 1) are calculatedusing (5) and (6).
The updatedmeanis given by the standardEKF update
equation(3) andthe updatedcovariancesare

Pi(k+1jk+1)=X(k+ )P, (k+ 1jk)XT (k+ 1)
+W(k+ DR (Kk+1)WT (k+ 1)

(8)
Po(k+1jk+1)=X(kk+D)Pc(k+1jk)XT (k+ 1)

9)
Although the robustnessof the SCA algorithm has been
proved theoretically[8], no experimentshave beencarried
out to examineits performancen a real, practicalsystem.

We now explore the impact of these algorithmsin an
empirical evaluation.

[11. EMPIRICAL STUDY
A. ExperimentalSetup

Fig. 1.

The HiBall™ Tracking System.The tracler consistsof a setof
small,high speeccamerasTheroomis instrumentedvith a setof precisely
suneyed rails. Eachrail containsa setof infrared LEDs which are red
in a predeterminedequence.

This study comparedhe performancef four implemen-
tationsof the SCA algorithm(describedn Subsectionll-C)
acpinsta KF. Thealgorithmsweretestedusingdatasetsthat
were originally acquiredfor an empirical study conducted
by the University of North Carolina,into the effectiveness
of lateny and stressin a virtual ervironment[13]. Users
were requiredto wear an opaquehead mounteddisplay
(they could only seea computergeneratedvorld) andwere
asledto standat whatwasapparentlyalong drop. As users
becameamore stressedy the environment,this affectedthe
nature of their head movements.The data was collected
by the HiBall Tracking Systemi™, whosecomponentsare
shawvn in Figure 1. The systemis composedof a set of
small, high speedcameraswhich are aligned in a self
containedhousingand are af x ed to the users head[14].
A setof LEDs are placedinto the ervironmentand their
positionsaresuneyed. The LEDs are ashed at high speed
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Fig. 2. Thetraining setrecordedirom the tracker. The tracker returnsan
averageof 160 quaternionmeasurementper second.

in aspeci ¢ known sequencend,providing the cameracan
seeenoughL EDs, the positionandorientationof the tracker
canbe calculateddirectly throughtriangulation.

A typical datasetcollectedfrom this tracker is shavn in
Fig. 2. This gure shows the natureof headmotion: long
periodsof time in which no actiity occurred,followed by
rapid and suddenburstsof actity.

B. Filter Implementations

The problemis to estimatethe orientationof a users
headin avirtual or augmentedeality environment.Because
this motion is unconstrainedand is in 3D, orientationis
representedusing quaternions[15]. Becausethe system
needsto predict head orientation several time stepsinto
the future, the angularvelocity of the users headis to be
estimatedas well. Therefore the statespaceconsistsof

x(k+1)= g o G v !x !y !, (10)
where(ty; 0y; G;; Qu) is thequaterniorand(! ;! ;! ;) are
the body- xed angularresults.

Assumingthe angularvelocity is constantand process
noiseis injectedinto the angularaccelerationthe nominal

continuoustime processmodelis

x(k¥1)= F(k+ )x(k+ 1)+ G (k+ v (k+ 1) (11)

where
? 0 'z Py Ixo aw % Qy3
'z 0 x Iy Oz Qw Ox
18! 'x 0 1z oy &k Ow
F(k+1)= = ' x !y 'z 0 O Gy Oz
28 o 0 0 0 o 0 0
0 0 0 0 o 0 0
0 0 0o 0 o 0 0
(12)



Implementation| Independenterms Metric
1 No Determinant
2 Yes Determinant
3 No Trace
4 Yes Trace
TABLE |

THE CANDIDATE IMPLEMENTATIONS OF SCA WHICH WERE STUDIED.

G(k+1)= (13)

[eNeoh NeolloNoNe)
(el leololoNoNe)
POOOOOO

v (k+ 1) = (v;Vy;Vv;)T aretheangularacceleratiomoise
terms.Theseequationsvereintegratedusinga fourth order
Runge-Kuitta numericalscheme Although it is likely that
the noisetermswill be different abouteachaxis, for this
study we assumedhat all noisetermswere the sameand
S0

Puw(k+21= Ij

where
matrix.

The HiBall returnsa direct measuremendf the orienta-
tion quaterniorat anupdaterateof about160Hz.Therefore,
the obsenation modelis linear %ndiés of the form

O
z(k+ 1) = Eg:é:
O

¢ From product speci cations and studying the logged
datafrom the still behaior of the tracker, the obsenration
covariancewas estimatedo be

is a positve scalarand | 3 is the 3 3 identity

R (tc) = Rrlg4

where r = 9.5 10 6.
After the update the quaternionpart of the estimatewas
renormalisedoy scalingit by the reciprocalof its norm.

C. The Algorithms Studied

Four different implementationsof the SCA algorithm
wereimplemented Thesearelisted in Tablel.

The rst parametewhich wasvariedwasthe measureof
P (k+ 1jk) which was minimized. Two measuresvere
studied— the trace and the determinant.The reasonwhy
this parametemwas varied was that the computationalcost
for eachvariessigni cantly. The value of ! which mini-
mizesthe traceis

p_
| = p—p_A .
A+ B’
where
A=trace ¢ (k+ 1)Pc(kjk) ,T:(k+1)

and
B = trace[Qc¢ (K)]:

However, no closedform solution exists to calculatethe
valueof ! which minimizesthe determinantandnumerical
schemesnustbe usedinstead.Becausdhe SCA equations
are corvex, numericalschemessuch as Newton-Raphson
can be used. For the studiespresentedhere we use the
fminbnd  functionin Matlab™ .

The secondparameterwhich was varied was whether
the independenterms were maintainedor not. The SCA
algorithmpropagtestwo covariancematrices,andthis sig-
ni cantly increaseshe computationatosts.If it is assumed
that the independentermsare 0, only a single covariance
matrix needsto be propagted.However, the disadwantage
of this approachis thatobsenationnoiseerrorsareassumed
to be correlatedand substantiaperformancecostsmight be
incurred.

D. Filter Restarting

To provide gating against bad measurementahich oc-
casionallyarise from the tracker, a normalizedinnovation
testwas used.The normalizedinnovation is de ned to be

qk) = T(k+ 1S (k+1) (k+ 1)

If theinnovationis a white, zero-mearGaussiarsequence,
the probability distribution of q(k) is a 2 distribution
whose number of degrees of freedom is equal to the
dimensionsof (k + 1) [10]. Even if the distribution of
q(k) is not 2 distributed,the valueof the meanprovidesan
importantguideto the performanceof the lter . If thevalue
is substantiallygreaterthan the mean,it implies that the
Iter is beingover con dent: the estimateon the innovation
covarianceis smallerthantheactualcovariance Cornversely
if it is much smallerthanthe meanthenthe lter is being
conserative.

A thresholdof 40 was used.If g(k) at timestepk was
greaterthan this value, the measuremenivas skippedand
the estimatewas set to be the prediction. If the Iter
did not gate for 10 successie measurementsthe lIter
was reinitialized. The pose was taken from the current
measurementhe angularvelocity componentavere setto
0 and the covariancematrix was setto a diagonalmatrix
whoseentriesare (1; 1; 1; 1; 100G, 100, 100).

(14)

E. Filter Tuning

Becausethe datawas empirically collected,thereis no
truth datawhich can be usedto tunethe Iter. Therefore,
the Iters weretunedagainsta representatie datasetanda
normalizednnovationtestwasusedto validatethatthe Iter
is correct[10]. Giventhe lIter restartingschemedescribed
in Subsectionlll-D, ¢ and |, were adjusteduntil the
meanvalue of the normalizedinnovation, calculatedover
25s-35%0f the training setshavn in Fig. 2, waslessthan
4.02.Tablell lists the tunedparameterdgor the KF andthe
four SCA implementationsThis table shawvs that although



Algorithm c |
KF 0.0 0.7
SCA 0.03 0
SCA 0.002 | 0.6
SCAs 0.03 0
SCA4 0.002 | 0.6
TABLE I

THE TUNED PROCESS NOISE PARAMETERS FOR THE FIVE FILTERS FOR
RUN 1. VERY SIMILAR RESULTS (WITHIN 2%) WERE OBSERVED WITH
THE OTHER FOUR RUNS.

thereare substantiabifferencedn the noisevaluesneeded
for the KF, the SCA with independentermsandthe SCA

without independenterms, the choice of the metric (trace
or determinant)did not have a signi cant difference.

IV. RESULTS

All four lters were testedagpinst 5 datasetdravn at
randomfrom the completedatasetFigs. 3 and4 shows the
performanceof the KF in one typical rur?. Fig. 3 showvs
thenormalizednnovation of the gatedmeasurementsyhile
Fig. 4 shows time historiesof the stateestimatesand the
time histories of the standarddeviations (squareroot of
diagonalson covariance histories). To provide the orien-
tation estimatewith somephysical meaningthe orientation
estimatesvere corvertedfrom quaterniongo Eulerangles.
Thegraphsonly shav theyaw andestimatedor orientation
and! x for angularvelocity. The resultsfor the other states
are similar. It shouldbe notedthat betweenapproximately
65s and 95s, the sensordid not seea sufcient number
of LEDs to generatea position solution. Therefore,during
this time intenal no datawas available which causesthe
“jump” in the curves. This type of dif culty is not atypical
for sensorswhich rely on line-of-sight and thus should
be includedin ary study of the performanceof Itering
algorithms.After about225sthe sensorwas held more or
lessstationary

The normalizedinnovation illustratesthe natureof head
movement: the rst 225s indicate there is a signi cant
amountof motion. This is followed by 125sduring which
the users headis held moreor lessstationary Theseresults
are con rmed in Fig. 4 which shavs rapid changesn the
yaw angleand! ;. However, the orientationand angular
velocity estimatesremain fairly constant.(The occasional
“spiking” occursdue to the occasionaldrop out of mea-
surements.)

Table Il gives the average standarddeviation of the
estimatefor each lter over run 1. As can be seen,the
orientation estimatesfor each Iter are extremely close.
This is partially due to the fact that the HiBall measures
orientationdirectly and so this estimatewill dominatethe
covarianceterm.However, it canbe seenthatthe KF hasthe

20n the scale of the graphs, the results from the SCA lters are
indistinguishablegrom thoseof the KF. For clarity and spacereasonsve
only shaw the resultsfor the KF.

nuNorm

Normalised innovation

100 150 200 250 300 350
Run time (5)

Fig. 3. Thelog of the normalizedinnovation of the EKF for run 1. The
dashedine shaws log(4) which shouldbe the averagevalue if the Iter

is consistent.The drop between65s and 95s occursbecausethe tracler
loosestrack and doesnot provide ary obsenations.

Standard de

(degrees)
Anguler velocty (deqreesis)
i %

(a) Covariancehistory of the
orientationestimate.

(b) Covariancehistory of the
angularvelocity estimate.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

(c) Statehistory of the orien-
tation estimate.

(d) Statehistory of theangular
velocity estimate.

Fig. 4. Covariancehistoriesand stateestimatedor run 1 using the KF.

KF SCA SCA SCAs SCA4
0.22067 | 0.22593 | 0.21729| 0.22683 | 0.21728
0.16740| 0.18734 | 0.16804 | 0.18987 | 0.17230
0.22062 | 0.22587 | 0.21724 | 0.22678 | 0.21723

[ 9.9589 | 8.6395 | 9.5411 | 8.5721 | 9.5404

ly 9.9589 | 8.6395 | 9.5411 | 8.5721 | 9.5404

'y 9.9589 | 8.6395 | 9.5411 | 8.5721 | 9.5404
TABLE 1lI

AVERAGE STANDARD DEVIATION OF ESTIMATES.



KF | SCAL | SCA | SCAs | SCA4
Runl | 29 20 30 24 30
Run2 | 34 33 37 34 37
Run3 | 14 13 15 13 15
Run4 | 16 15 16 16 16
Run5 7 7 8 7 8
TABLE IV

FILTER RESTART COUNTS.

smallestorientationestimateof all the Iters andso hasa
slightly moreaccurateoverall estimateof orientation.Much
greatervariationis seenin the angularvelocity estimates.
The angularvelocity standarddeviations are the samefor
all axes. The valuesfor all SCA lIters are smaller than
thosefor the KF. Becausethe lter is acting consistently
this suggeststhat the SCA Iters are compensatingfor
someunmodelledcorrelations The resultsalsosuggesthat
the forms of SCA which do not maintainthe independent
terms (SCA; and SCAg) perform betterthan thosewhich
do (SCA; and SCA;). One possible explanation is that
the obsenation noise sequences not truly independent
for the HiBall. Thereare several reasonsFirst, the HiBall
tracker internally maintainsits own ltering andestimation
algorithms. Theseaccessdata at a much higher rate (1-
2kHz) than the datawhich is output from the tracker and
could be introducing time correlatedterms. Furthermore,
errorsin suneying LED positionscan lead to consistent
time correlatederror terms. The results also shav that
SCA,, which is computationallythe cheapestmplementa-
tion of SCA (do not propagteindependenterms;minimize
trace using the closed form equation)also has the best
performance.

Therohustnes®f the SCAimplementationsvasexplored
by examining their restartcounts.Table IV lists the restart
countsfor all the different lters acrossall the runs. Apart
from SCA4, all the other SCA algorithms restart less
frequently than the KF. Furthermore,SCA; consistently
restartsthe leastfrequently

Theseresultssuggestthat SCA; is the most successful
form of the SCA algorithm for the experimentalscenario.
It restartslessfrequentlythan the KF and hasan angular
velocity estimatewhose varianceis, on average,smaller
thanthat of the KF. However, theseimprovementsin per
formancearetemperedy aslightdegradationn orientation
accurag.

V. CONCLUSION

This paperstudiedthe problemof developing Iters for
human body tracking and, in particular the problem of
estimating the orientation of a head. We examined the
performancenf four implementation®f a robust prediction
algorithm (Split Covariance Addition) comparedwith a
KalmanFilter. The resultssuggesthat oneimplementation
of SCA can provide a more robust Iter which estimates
angular velocity more accuratelythan a KF. However,

this improvement comesat the cost of a slightly worse
orientationestimate.

Although theseresults suggestthat the advantagesof
SCA aremamginal, we believe thatthey are sufciently en-
couragingto warrantfurtherstudy We shallbeinvestigating
how SCA affectsthe performanceof a bankof lters.
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