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Abstract

Athletesandcoachesin mostprofessionalsportsmakeuseof high-
techequipmentto analyzeand,subsequently, improve theathlete's
performance. High-speedvideo camerasare employed, for in-
stance,to recordthe swing of a golf club or a tennisracket, the
movementof the feet while running,and the body motion in ap-
paratusgymnastics. High-techand high-speedequipment,how-
ever, usuallyimplieshigh-costaswell. In this paper, we presenta
passiveopticalapproachto capturehigh-speedmotionusingmulti-
exposureimagesobtainedwith low-costcommoditystill cameras
andastroboscope.Therecordedmotionremainscompletelyundis-
turbedby the motion captureprocess.We apply our approachto
capturethemotionof handandball for avarietyof baseballpitches
andpresentalgorithmsto automaticallytracktheposition,velocity,
rotationaxis, andspin of the ball alongits trajectory. To demon-
stratethevalidity of our setupandalgorithms,we analyzethecon-
sistency of our measurementswith a physically basedmodel that
predictsthetrajectoryof a spinningbaseball.Our approachcanbe
appliedto captureawidevarietyof otherhigh-speedobjectsandac-
tivities suchasgol�ng, bowling, or tennisfor visualizationaswell
asanalysispurposes.

CR Categories: I.4.1 [ImageProcessingandComputerVision]:
Digitization and Image Capture—Cameracalibration I.4.6 [Im-
ageProcessingand ComputerVision]: Segmentation—Edgeand
featuredetectionI.4.8 [Image Processingand ComputerVision]:
SceneAnalysis—Motion,tracking

Keywords: high-speedmotion capture,multi-exposureimages,
pitchingand�ight of baseball,physicallybasedvalidation

1 Intro duction

Creatingimagesof high-speedmotion for analysisof theunderly-
ing actionhasbeendrawing the attentionof researchersfor many
decades.Back in 1878, EadweardMuybridge conductedhis fa-
mous experimentsto createserial imagesof fast motion [Muy-
bridge1887]. A setupof twelve cameraswasusedto capturedif-
ferentstagesof a gallopinghorse.Oneof thephotographsindeed
showedthehorsewith all of its hoovesoff theground,corroborat-
ing thehypothesisthathadled to theseexperiments.In the1930's,
Harold E. Edgertonat MIT perfectedthe useof stroboscopepho-
tography to createmulti-exposureimagesof high-speedmotion,see
for instance[Collins and Bruce 1994]. However, the acquisition
processis usuallyconstrainedto actionstakingplacein avery lim-
itedspatialdomainfor whichdecentilluminationconditionscanbe

Figure 1: Visualizationof ball and hand motion obtainedfrom
multi-exposureimages. The hand motion during releaseof the
baseballis capturedand shown togetherwith the resulting�ight
characteristicsof theball.

setup easily. In this paper, we addressthe problemof capturing
andtrackinghigh-speedmotionsequencesthatcover largeareasof
space.To avoid theexpensesof professionalhigh-speedvideocam-
erasandhigh-resolutionmotioncaptureequipment,ourapproachis
basedon low-costcommoditystill camerasandstrobelights.

We demonstrateour motioncaptureapproachfor thehandmo-
tion duringpitchingandthe�ight trajectoryof a baseball.Besides
thepopularityof baseball,thereareseveralreasonsfor our choice.
First of all, the underlyingmotion is very fast and extendsover
a large areaof space: the speedof a pitchedbaseballcan reach
80mphandabove, andthedistancefrom thepitchermoundto the
homebaseis 60.5feet (18.44meters).In addition,therearemany
differentmotionparametersthatwewould like to measuresimulta-
neouslyfor avarietyof pitches:

� 3D positionsalongthetrajectoryof the�ying ball;

� initial �ight parametersof theball: normanddirectionof ini-
tial velocity, rotationaxis,spinfrequency;

� positionsof the �nger joints of the pitcher's handbefore,at,
andafterreleasingtheball.

Finally, it is possibleto usea physically basedmodel to analyze
the consistency of the acquireddata: if the ball's initial parame-
tersand�ight positionsarereconstructedwith high accuracy, they
shouldmatchthe resultsfrom a physically basedmodel that pre-
dictsthe�ight trajectoryof aspinningball traveling throughair. In
summary, both the pitching and�ight of a baseballturn out to be
a challengingandadequatetypeof motion for our motioncapture
approachalike.

1.1 Contributions

In thispaper, we introducethefollowing maincontributions:

� an approachfor capturinghigh-speedmotion using multi-
exposureimagesobtainedwith low-costcommoditystill cam-
erasandstroboscopes;



� an algorithmto automaticallycomputethe 3D positionsand
theinitial �ight parametersof abaseballfrom multi-exposure
images;

� a procedureto reconstructarticulated hand motion from
multi-exposureimages;

� validation of the approachby meansof a physically based
modelof the�ight of abaseball.

2 Background

In many sports highly competitive professional leagueshave
evolved wheretechnicalperfectionhasbecomeessentialfor ath-
letesin orderto keepupwith their rivals.Baseballhasalwaysbeen
oneof the mostpopularsportsin the U.S. andmany countriesin
Asia. Dueto its varietyof differentelementsit is technicallyvery
challenging.In particular, pitchingis thesinglemostimportantpart
of baseball.Thegoal for thepitcheris to throw theball in sucha
way that its trajectoryis asunpredictableaspossiblefor theother
team's batter. In the history of baseballa greatvariety of pitches
hasbeendeveloped.They differ in theway thepitcher's handand
�ngers moveduringreleaseof theball. Differenthandmotionslead
to differentinitial velocities,rotationaxes,andspinfrequenciesof
theball, which in turn leadto different�ight trajectories.Theartof
pitching is to be ableto performall kinds of pitchessuchthat the
ball consistentlyentersthestrikezonenearthebatterin orderto be
valid. Thepursuitof athleticperfectionin baseballalreadystartsin
theminorleaguesandhasleadto thepublicationof many textbooks
onspeci�c technicalaspects[Stewart2002;House2000].

In recentyears, the athletes' demandfor tools to accurately
measureandanalyzetheir technicalperformancehasbeenbacked
by similar interestsfrom the media. Today, many sportsenthu-
siastsexpect conciseanalysisand visualizationof a sportsevent
during or after the broadcaston TV. In consequence,many re-
searchershave approachedbaseballfrom the scienti�c and tech-
nologicalpoint of view. The physicsof pitching andbattinghas
beenthoroughlyanalyzedin [Adair 2002]. Alawaysexaminedin
his PhD thesis[1998] the aerodynamicsof a curve-ball. He used
a systemwith ten high-speedvideo camerasoperatingat 240Hz
to capturethe ball trajectory. Initial �ight parametersof the ball
werenot measuredbut deducedfrom thetrajectoryanda physical
model of ball �ight. During the SummerOlympics 1996 in At-
lanta,Alawaysusedtwo 120Hz high-speedvideocamerasto track
ball positionsalongthe�ight trajectory[Alawayset al. 2001].The
K-Zonesystem[Gueziec2003;Gueziec2002] is technicallysimi-
lar anddesignedto trackthetrajectoryof a baseballfrom multiple
videostreamsin real-timeusingcolorinformationandaKalman�l-
ter. In otherpopularsportssimilar systemshave beeninvestigated.
TheLucentVision system[Pingali et al. 2000]enablestrackingof
theplayerpositionsandtheball trajectoryin tennismatchesfrom
videoimages.Theball positionis trackedusinganalgorithmbased
on ball color andframe-differencing[Pingali et al. 1998].Rotation
axisandspinarenot measured.In [D'Orazio et al. 2002],a mod-
i�ed CircularHoughTransformis usedto follow theball in video
broadcastsof asoccergame.

Due to the limited video resolution,the previously mentioned
systemsdo not provide thesamespatialaccuracy asour approach,
which useshigh-resolutionimage sensorsbuilt into digital still
cameras.

In this work we will demonstratethatstroboscopephotography
is not only an appropriatemethodto accuratelytrack the ball tra-
jectorybut alsoto track thecomplex articulatedmotionof thehu-
manhand. Many differentapproachesto trackingarticulatedhu-
manbodymotionhavebeeninvestigatedin thepast,spanningfrom
mechanicalovermagneticto opticalmethodsthateitherrely onop-
tical markerson thehumanbodyor setasideany form of intrusion

into thescene[Aggarwal andCai1999;Gleicheretal.2001].Com-
mercialopticalmotioncapturesystemstypically rely on expensive
high-frameratevideocamerasandmarkerson thebody.

Opticalapproachesfor trackinghandarticulationusuallyderive
thehandmotion from videosequencesandwith thesupportof an
explicit handmodel.In [HeapandHogg1996],apointdistribution
modelis usedto trackhandmotion. Stengeret al. [2001] employ
a kinematicmodelbasedon quadricsegmentsanda Kalman�lter
to determinehandcon�gurationsfrom video. In [Wu et al. 2001],
a 2D cardboardhandrepresentationis usedfor posecomputation.
Other approachesthat rely on an explicit handmodel and image
featuresaretheDigiteyessystem[RehgandKanade1994]andthe
work in [Dorner 1993] wherecoloredmarkerson the handshow
the�nger joint locationsin thevideoimages.A moreappearance-
basedapproachis presentedin [AthitsosandSclaroff 2003]where
single handposesare identi�ed via comparisonto a databaseof
renderedhandmodels.

In contrastto video-basedmotion capturesystems,we apply a
marker-basedtrackingalgorithmto thehandthatderiveshandposes
from still imagesrecordedwith stroboscopephotography at high
accuracy.

3 Setup

Weusea�e xible setupto robustlyacquiredifferenttypesof motion
dataunderreal-world conditions. To analyze�ight trajectoriesof
differentpitchesweneedto acquireimagedatathatallowsusto re-
constructtheball's initial �ight parameters(i.e.normanddirection
of its velocity, directionof its rotationaxis,andspin)aswell asthe
3D positionsof theball alongits trajectory. In addition,wewantto
capturethemotionof thepitcher'shandand�ngers before,during,
andafterreleasingtheball.

Acquiring this typeof informationis very challengingsincethe
involved speedsareconsiderableandthe entiretrajectoryextends
overa relatively widearea.To complicatethingsevenfurther, high
spatialaccuracy is essentialin both�ight analysisandhandmotion
capture.

In this work we demonstratehow to acquirethenecessaryhigh-
accuracy image data without resortingto expensive, specialized
hardware suchas high-speedvideo cameras.To obtain simulta-
neouslyhigh spatialaswell astemporalresolution,we applystro-
boscopephotography. Wecaptureanimageof thehigh-speedscene
in a darkenedroomusinga regulardigital still camerasetto a long
exposuretime. The sceneis illuminatedwith a stroboscopelight
that emits short light pulsesat a suitablefrequency. The result-
ing imagedepicts,superimposed,the dynamicsceneat different,
closely-spacedtime instantswith thetemporalsamplingfrequency
setby the frequency of the stroboscope.High spatialaccuracy is
easily achieved by using recentcommoditydigital cameraswith
multi-million pixel resolution.

To captureanentirebaseballpitch,wesetupouracquisitiongear
in a basementroomwhichhasa centralfreespaceareaof approxi-
mately25m length,4m height,and5m width. This is suf�cient to
housethecompletepitchingcorridor(18.44m in length)aswell as
to put up thecameraandlighting equipment.As imagingdevices
we employ consumer-market OlympusTMCamediaC5050still im-
agecamerasthat provide a frameresolutionof 2560x1920pixels.
This cameramodelfeaturesa large-aperturezoomlensthatcanbe
setto acomparatively wideangle.Weusefour camerasof this type
in oursetup.Controlsoftwarewasdevelopedenablingusto control
thesettingsof all four camerasfrom a singlePCandto triggerall
camerashutterssimultaneously.

Sincewe intend to recorda fairly wide-areascene,we needa
suf�ciently luminousstroboscopelight sourcethat can illuminate
a largevolumeat high frequencies.In our setupwe usetwo high-
outputstrobe�asheswhich have an intensityof 5000Lux eachat



Figure2: Ball acquisitionsetup.Left: a stereocamerapair (encircledin magenta)facingtheblackcurtainon theright is capturingtheball's
initial �ight parameters.Theball is illuminatedby a stroboscope(cyan). Middle: schematicillustrationof thesetup.Thetwo grey cameras
correspondto thecamerasin theleft image.For theinitial partof theball trajectory, themeasuredball positionsareshown in white,recovered
rotationaxesin red,andheightabove groundin green.Thetwo cyancamerasobserve the last third of the trajectoryandcorrespondto the
camerasin theright image.Right: a stereocamerapair (magenta)anda strobelight (cyan) facingtowardstheblackcarpetin thebackare
responsiblefor capturingtheball trajectorycloseto the“homebase”.

Figure 3: Two stereocamerapairs (magenta)and a strobelight
(cyan)areplacedin asemi-circulararrangementaroundthepitcher
to capturethehandmotionof differentpitches.

a distanceof 0.5m from thelamp. At full intensity, the20ms-long
�ashes canbe triggeredup to 80Hz which is suf�ciently fast for
ourpurposes.

During recordingthe�oor andwallsarecoveredwith blackcar-
pet andcloth to facilitateforegroundobjectsegmentationandau-
tomaticmarker tracking.Primarily, however, thedarkmaterialab-
sorbsmostlight thathasnothit foregroundobjects,preservingcon-
trastandpreventingquicksaturationof themulti-exposureimages.
Finally, a heavy dark carpethangingdown from the ceiling at the
endof the�ight corridorabsorbstheimpactof theball.

In our recordings,four simultaneouslytriggeredcameraslook
at the scenefrom differentpositions. Two differentarrangements
of imaging sensorsand light sourcesare neededto recordeither
initial �ight parametersandball positions(seeFigure2) or thehand
motionof thepitcher(seeFigure3).

To recordthebaseballin �ight, two stereopairsof camerasand
two stroboscopesareusedto capturethe initial and�nal phaseof
the ball �ight, respectively (Figure2). Detailsaboutthe setupfor
acquisitionof ball motionaregivenin Section4.2.

For recordingthehand,thefour camerasandonelight sourceare
placedin a semi-circulararrangementlooking at the pitcherfrom
behindandabove,seeFigure3. Section5.2givesfor furtherdetails
aboutthisstep.

A crucial and—fora large setuplike ours—challengingtaskis
theaccuratecalibrationof thecameras.We applya cameramodel
for shortfocal lengthcameras[Heikkila andSilven1996]. Intrinsic
cameraparametersareestimatedfrom imagesof a planarchecker-
boardpattern. Radial and tangentiallens distortion are modeled
up to secondorder[Jain et al. 1995] andeachmulti-exposureim-

Figure4: Left: baseballequippedwith opticalmarkersin pitcher's
glove. Right: illustration of the ball coordinatesystem. Markers
aredepictedassmallcoloredsphereson theball.

ageis distortion-correctedprior to any furtherprocessing.Extrinsic
cameraparametersareestimatedusingimagesof our3D calibration
object,seeFigure3. Camerapositionandorientationaremetrically
calibrated.

Finally, we rely on our professionalbaseballpitcher who, as
wehaveveri�ed, performsdifferentpitcheswith greatfaithfulness.
This allows usto correlateour measurementsof handmotionwith
themeasurementsof initial �ight parametersand�ight trajectory.

4 Tracking the Ball

4.1 Preparation of the Ball

Wepaintopticalmarkersontheball to beableto estimateits spatial
orientationfrom multi-exposureimages. Four different typesof
markersareusedwhich differ in color andshape(redsquare,blue
ring,greentriangle,blackcircle). Overtheentiresurfaceof theball,
eachmarker type is usedthreetimes. Eight markersarearranged
in the ball's equatorialplane,in 30� -pairsandwith 60� inter-pair
separation.The remainingfour markers are locatedin a second,
orthogonalplaneat 30� distancefrom thepoles.Marker typesare
assignedsuchthatat leastthreedifferentmarkersarevisible from
any viewpoint. In addition, the (�x ed) coordinatesystemof the
ball canbe determinedfrom the marker positionsfor an arbitrary
viewing direction(Figure4).

4.2 Acquisition of Ball Motion

In our experimentswe focus on the fast-ball, the curve-ball, the
slider, and the change-up,all of themperformedas three-quarter



Figure 5: Multi-exposureimageof the ball to recover its initial
�ight parameters.Automatically detectedmarkers are shown as
coloreddots. Inset, left to right: magni�ed imageregion, result
afterbackgroundsubtraction,detectedball silhouetteandpredicted
centerpoint, �tted circleand�nal centerpoint (seeSection4.3).

Figure6: Multi-exposureimagetakenby oneof thebackcameras.
Thehalf-moonshapeof theballsis dueto thelateralpositionof the
stroboscopeilluminating the�ight path.Theinsetshows thesame
processingstepsastheonein Figure5.

deliveries, i.e. with a releasepoint above and to the right of the
head. Eachof thesepitcheswasrecordedmultiple times. Pitches
differ in the way how the handmoves during launch,giving the
ball a different initial velocity, rotation axis, and spin frequency.
Sincetheseinitial �ight parameterscompletelydeterminetheball's
trajectory, differentpitchesleadto different�ight paths.

� The fast-ballis the fastestpitch. It haslarge backspin and,
dependingon whetherit rotatesover four or only two of its
seams,theball is calleda4-seameror a2-seamer.

� Thechange-upalsoexhibitsbackspinbut hasalowervelocity
andspinfrequency.

� Thecurve-ballis releasedwith forwardspinwhichmakesthe
ball descendfasterduringthelastphaseof its �ight.

� Theslider is thrown with a sidespin,makingtheball turn to
onesidetowardstheendof the�ight.

To acquireinformationaboutthe �ight of a baseball,two pairs
of camerasareusedthat focuson differentaspectsof theball tra-
jectory. Thefront two camerastake multi-exposurepicturesof the
�rst 5m of thebaseball's trajectoryright after theball hasleft the
pitcher's hand.Thecamerasareplaced3.5m away from the�ight
path and are vertically alignedwith a baselineof approximately
0.8 m, seeFigure2 (left). Onestrobelight is placedcloseto the
camerasandilluminatesthescenesuchthat theball silhouetteap-
pearsas a circular shapein the images. In both cameras'multi-
exposureimagesthe ball is seenat several subsequentpositions
andorientations,�ying from left to right in Figure5. The num-
ber of visible ball positionsis determinedby the pulsefrequency
of thestroboscope.At a strobelight frequency of 80Hz, 6–10ball
positionsarecaptured,dependingon thespeedof thepitch.

Thestereocamerapair in thebackpartof thesetuprecordsthe
last third of the �ight trajectorycloseto the “home base”where
themostinterestingvariationsbetweendifferentpitchesoccur. The
camerasareplacedapproximately2.8m high and4m aparton ei-
thersideof the�ight corridor, seeFigure2 (right). A secondstro-
boscopeis locatedbelow theright cameraandilluminatestheball
at 50Hz. This lower frequency is chosento betterseparatetheball
in themulti-exposureimages.In contrastto thecamerasetupin the
front, the illumination directionin the backsetupcausespartially
illuminatedball silhouettesshown in Figure6. We compensatefor
thisbeforereconstructingball positions,seeSection4.3.

During recording,theshuttersof thefront camerasareopenfor
onesecond,while theshuttersof thebackcamerasexposefor 1.3
seconds. All camerasare triggeredsimultaneously. As a trade-
off betweenimagenoiseandbrightness,we run eachcamerawith
ISO200sensitivity.

The 3D positionsof the ball in �ight are recoveredvia trian-
gulation,seeFigure7, andthe orientationof the ball's coordinate
frameis computed.Thentheball's rotationaxisandspinfrequency
aredetermined,seeFigure7 (left). At 80Hz, a ball at a spin rate
of 1600rpm rotatesby 120� betweensubsequentstrobe�ashes.
Our samplingfrequency is morethantwice thespinfrequency and
thereforesuf�ciently high to ful�ll theNyquistcriterion.

4.3 Reconstructing Flight Positions

In eachmulti-exposureimage,thesilhouettesof theball in thefore-
groundare separatedfrom the backgroundby meansof a color-
basedbackgroundsubtraction,therebycreatingbinary foreground
masks.

In boththefront andbackstereopair of images,theball silhou-
ettes'boundarypolygonsareidenti�ed via a contour�nding algo-
rithm (OpenCV [Intel 2002]). To correctsmall concavities at the
silhouetteboundariesof theballswecomputetheconvex setof the
verticesof eachboundarypolygon[Slansky 1970].

First estimatesof the projectedball center locations in each
image are found via �tting ellipses to the silhouetteboundary
points. In eachstereopair of imagescorrespondencesbetween
projectedball centerlocationsareestablishedvia epipolargeom-
etry [Faugeras1993]. Approximateestimatesof the3D ball center
locationsareobtainedby meansof triangulationfrom correspond-
ing ellipsecentersin eachstereopair. The centerestimatesin the
imageplanesarefurther improvedby �tting implicit circle models
to the silhouetteboundariesby meansof a CircularHoughTrans-
form [Ballard1981]in a localneighborhoodof eachellipsecenter.
Knowing the radii of the projectedballs from the �rst 3D recon-
struction,theHoughTransformsearchspacereducesto two dimen-
sions(centerlocation).The�nal 3D positionsarefoundfrom stereo
reconstructionof thecirclecenters.

Thewhole �tting pipelineis illustratedin the insetsof Figure5
andFigure6 for thefront andbackcameras,respectively. Thede-
scribedprocedurerobustly recovers3D ball positionseven if the
ball silhouettesareonly partially visible (Figure6).

4.4 Reconstructing Initial Flight Parameters

After the 3D ball positionsin the front and back part of a �ight
trajectoryhave beenreconstructed,the initial �ight parametersfor
that dataset, i.e. velocity, rotationaxis, andspin frequency, need
to bedetermined,cf. Figures1 (left) and7 (left). Figure8 givesa
brief overview of theemployed technique:from the reconstructed
3D marker positions,an initial guessfor the �ight parametersis
extrapolated,which is thenre�ned usingtheball modelfrom Fig-
ure4 (right).

We identify theprojectedball markersin thefront stereopair of
imagesvia color-basedregion detectionand establishcorrespon-



Figure7: Reconstructedinitial �ight parameters(left) and�ight po-
sitions(right). Distanceof theballsfrom groundis shown in green,
rotationaxisin magenta,andinitial velocitydirectionin yellow.

Figure8: Stagesof the �tting process.Left to right: positionof
markers,resultfrom prediction,andresultfrom �nal �tting.

dencesacrossstereoimagesvia the epipolarity constraint. The
markers' 3D positionsarefoundvia triangulationandeachmarker
is assignedto theclosestball positionin 3D.

From the sequenceof orientationsof the ball's coordinatesys-
temimmediatelyafter releaseof theball, its initial spin frequency
and rotation axis are derived. In theory, it is suf�cient to know
the3D positionsof theball's centerandof two uniquelyidenti�ed
markersto determineits orientation. Unfortunately, it is impossi-
ble to decidefrom the color of a marker alonewhich oneof the
threeinstancesof this marker typeon theball this is. In addition,
misclassi�cationsdueto noisein the dataneedsto be considered.
Physicstellsusthattheorientationof therotationaxisandthespin
frequency of anideal�ying ball donotchangeovertime(Sect.4.5).
Consideringtheabovewedeterminetheinitial �ight parametersby
meansof thefollowing numericaloptimizationscheme.

The algorithmprocessesthe n subsequentball positionsat the
beginning of the trajectory separatelyand in their temporalor-
der. The orientationof the ball at position k with respectto the
world coordinatesystemcan be representedas a rotation matrix
R(ak;bk;gk), where(ak;bk;gk) are Euler angles. Our goal is to
�nd for eachsubsequentpair of 3D ball positionsat k � 1 andk
therotationaxiswk� 1;k androtationangledk� 1;k thatcorrespondto
therelative transformationRk� 1;k betweenR(ak� 1;bk� 1;gk� 1) and
R(ak;bk;gk).

At positionk, thealgorithmexploits temporalcoherenceby pre-
dicting the orientationof the ball R(apred;bpred;gpred) by rotat-
ing orientationR(ak� 1;bk� 1;gk� 1) furtherby dk� 2;k� 1 aroundaxis
wk� 2;k� 1. Startingfrom that parameterset(apred;bpred;gpred) the
algorithmusesPowell's method[Presset al. 1992]to �nd parame-
ters(ak;bk;gk) thatminimizetheenergy function:

Ek(a ;b ;g) = a1E1 + a2E2

= a1 å
i2M

(Dm(i))2 + a2 å
j2f x;y;zg

(Dax( j))2 ; (1)

with a1 anda2 beingweighting factors. M is the setof detected
markersat ball positionk, Dm(i) is the angulardistancebetween
reconstructedmarker i and the closestmarker of the sametype
in the ball model in the current orientation. Dax( j) is the an-
gular distancebetweenthe local coordinateaxis j 2 f x;y;zg of
the ball in orientation(ak;bk;gk) andthe sameaxis in orientation

R(apred;bpred;gpred).
The rotation axis wk� 1;k and rotation angle dk� 1;k are

computed from the relative transformation Rk� 1;k between
R(ak� 1;bk� 1;gk� 1) andR(ak;bk;gk) [Murray etal. 1994].

Having thesequenceof rotationanglesandthestroboscopefre-
quency, thespinfrequency f canbederived.

In ourmethodwedonotstrictly enforcetheconstancy of thero-
tationaxisandspinfrequency, but insteadintroducethiscriterionas
a weightedregularizationtermE2 to compensatefor possiblemea-
surementerrorsandball precession.For the initial rotationaxis,
we averagethe rotationaxesover the sequence.The directionof
the initial velocity vectorcoincideswith the directionof the con-
nectingline betweenthe �rst two ball positions,its magnitudeis
computedfrom thestrobefrequency andtheEuclideandistanceof
the �rst two ball positions.For the �rst two ball positionstheop-
timization is run with a2 = 0 in Equation(1). If this initialization
failsdueto toofew or badlylocatedmarkers,amanualinitialization
is feasible.

In our experimentswe were still able to recover valid initial
�ight parameterseven if for someballs noneor just one marker
was found. We obtainedalmost100% probability of correctde-
tection for the black markersand90% for the red markers. The
blue andgreenmarkersweremoredif�cult to �nd. In a compar-
ative experimentit turnedout that a different color schemewith
moreluminousmarkercolorssigni�cantly increasestherobustness
of markerdetection.

4.5 Validation

For the ball �ight data(3D positionsand initial parameters),no
ground truth information is available. To validate our acquisi-
tion setupandtrackingalgorithms,we show that thedataobtained
throughour measurementsandprocessingareconsistentwith the
predictionof a physically basedmodelthat takesinto accountthe
dominatingforcesactingon a spinningball traveling throughair.
In accordanceto [Adair 2002]and[Alawayset al. 2001],we com-
putethevelocityv(t) of abaseballwith massmusingthe�rst-order
ordinarydifferentialequation

m�v(t) = FG + FD(v(t)) + FM(v(t)) (2)

with the gravitational force FG, the drag force (or air resistance)
FD, andtheMagnusforceFM de�ned as:

FG = m� g ;

FD(v(t)) = �
1
2

�CD(v(t)) � r � A� jv(t)j2 �
v(t)
jv(t)j

;

FM(v(t)) =
1
2

�CL(v(t);w) � r � A� jv(t)j2 �
w � v(t)
jw � v(t)j

;

whereg denotesgravity, r air densityandA thecross-sectionalarea
of theball. Thevectorw representsthespinaxisof theball, which
is assumedto beconstantduringthe�ight of theball1. To compute
thedrag coef�cient CD(v(t)) , we have �tted a polynomialcurve to
thedatapresentedin [Adair 2002]and[Alawaysetal. 2001].After
computingthe Reynold's numberRe(v(t)) [Adair 2002] the drag
coef�cient is evaluatedas

CD(v(t)) = 2:23 �

0:28342� 10� 4 � Re(v(t)) + 0:13179� 10� 9 � Re(v(t))2 �

0:25083� 10� 15 � Re(v(t))3 + 0:17083� 10� 21 � Re(v(t))4 :

1For a perfectlyhomogeneousball, the spin axis doesnot change. In
practice,a smallprecessionmight occurdueto theinhomogeneousdensity
of naturalmaterials(cork, leather)usedfor baseballs.



pitch type eavg emax ^ (vref
0 ;v0) jvref

0 j D(jvref
0 j; jv0j) ^ (wref;w) jwrefj D(jwrefj; jwj)

fastball (2 seams) 18mm 39mm 1.3� 63.2mph 1.9mph 0.4� 1596rpm 22rpm
fastball (4 seams) 18mm 41mm 2.5� 64.2mph 0.8mph 0.1� 1612rpm 17rpm
curveball 19mm 39mm 0.7� 61.9mph 1.4mph 0.3� 1623rpm 7rpm
slider 15mm 25mm 3.8� 65.7mph 0.7mph 0.4� 1491rpm 13rpm
change-up 13mm 35mm 1.4� 60.6mph 1.1mph 0.3� 1258rpm 32rpm

Table1: Comparisonof our measurementswith referencetrajectoriesobtainedfrom a physically basedmodel(Section4.5). For a varietyof
pitches,theaverageerroreavg andthemaximumerroremax betweenthereferencetrajectoryandour measuredball positionsaregiven(Eu-
clideandistancebetweentrajectoryandcenterof ball). Theprecisionof ourmeasuredinitial �ight parametersis speci�edby: ^ (vref

0 ;v0) (an-
gle betweenreferenceandmeasuredvelocity direction),D(jvref

0 j; jv0j) (differencebetweenreferenceandmeasuredinitial speed),̂ (wref;w)
(anglebetweenreferenceandmeasuredspinaxisdirection),andD(jw refj; jwj) (differencebetweenreferenceandmeasuredspinfrequency).
Absolutevaluesof referenceinitial speedjvref

0 j andspinfrequency jwrefj aregivenfor thesakeof completeness.

Accordingto [Alawayset al. 2001], the lift coef�cient CL canbe
computedasCL(v(t);w) = 1:5� r � jwj=jv(t)j : For thespecialcase
of a fastballacrosstwo or four seams,betterapproximationsof CL
canbeobtainedfrom thediagramsin [Alawayset al. 2001].Given
the initial ball position p0 = p(0), the initial velocity v0 = v(0),
aswell asthe initial spinaxisw andfrequency f = jwj, the �ying
ball's positionp(t) at time t is computedvia integratingv(t) over
time. UsingtheRunge-Kutta-Fehlberg integrationschemeDOPRI5
from [Haireretal. 1993]wesolveODE(2) for v(t).

Finally, we can computethe referencetrajectoryof a baseball
for a given setof initial �ight parametersp0, v0, andw andcom-
pareit to our measurements.Sincethe trajectorycomputedfrom
theODE (2) is quitesensitive with respectto variationsin the ini-
tial �ight parameters,we searchfor an exact solution of (2) that
minimizesthe error both for the measuredball positionsand for
the measuredinitial �ight parametersusingPowell's optimization
method[Presset al. 1992]. Theresultingoptimalreferencetrajec-
tory is thenusedto computethemeasurementerror(Table1).

Thecomparatively low averagespeedof thepitchesis dueto the
high numberof pitchesper recordingsessionwhich exceededthe
usualtrainingpensumof abaseballprofessionalby far.

5 Tracking the Hand

5.1 Preparation of the Pitcher's Hand

In order to determinethe locations of the �nger joints in the
recordedimageswe have to markthemon thepitcher's hand.The
pitcherwearsa thin, transparentrubberglove onto which colored
markersmadeof re�ective tapeareglued,seeFigure9 (left). The
markersareplacedon the joint positions,on the �nger nails, and
on threedistinctpositionson thebackof thehand. Four different
markercolorsaredistributedsuchthatthedistancebetweenany two
markersof the samecolor is maximized. In total 18 positionson
thehandaretaggedandassigneda uniquepositionlabel.To facili-
tateidenti�cation of themarkersin themulti-exposureimages,the
skin underneaththe glove is paintedwith black make-up. During
recordingsthe pitcherwearsblack clothesanda black facemask
to prevent misclassi�cationsof moving body partsother than the
pitchinghand.

5.2 Acquisition of Hand Motion

For acquisitionof hand motion, all four camerasand one stro-
boscopearepositionedin a semi-circulararrangementbehindthe
pitcher, seeFigure3. In front of thepitcher, thewalls andthe�oor
of the�ight corridorarecoveredwith blackcloth. All camerasare

Figure9: Left: Markers for trackingareattachedto the pitcher's
hand. Right: Correspondingmarker positionson thepersonalized
handmodel.

Figure10: Multi-exposureimageof onecamerarecordingthehand
motionduringpitching. Inset:reconstructedhandmarkerpositions
for two handposes.

focusedon theregionwherethepitcherreleasestheball. Thecam-
erapositionsarechosenin sucha way that two camerasobserve
the handmotion from the left and two from the right sideof the
pitcher's location. This way occlusionsof the handmarkersdur-
ing thecomplex pitchingmovementareminimizedandsuf�ciently
separatedexposuresof the handin the imagescould be obtained.
Thestrobelight is locateddirectly behindthepitchersuchthat the
focusof illuminationcoincideswith thereleasepositionof theball.
During recordingsthe stroboscopeoperatesat 75Hz, a frequency
that leadsto a high numberof visible handpositionssuf�ciently
separatedin the imagesfor all pitch types. For recordingall four
camerasaretriggeredsynchronouslywith anexposuretime of one
second.Wehaverecordedthesamefourpitchesasfor thetrajectory
measurements.Again, all pitcheswereperformedasthree-quarter
deliveries.



5.3 Tracking the Hand Position

The �rst stepin reconstructingthe handmotion is to separatethe
marker positionsfrom the backgroundin eachof the four multi-
exposureimagesusing backgroundsubtraction. Sinceall unim-
portantpartsof thescenearecoloredblack, the re�ective markers
emerge very brightly in the images,seeFigure10. The locations
of themarkersin eachphotographcanbe identi�ed with a similar
techniqueasdescribedin Section4.4for theball markers.For each
marker type a color interval is de�ned. Connectedimageregions
above a minimum sizewhosepixels fall into oneof the intervals
areconsideredasprojectedmarker locations. The projectedcen-
tersof themarkersareapproximatedasthecentersof gravity of the
marker regions. Thecorrespondencesover differentcameraviews
areestablishedvia epipolargeometry. Technically, theleft andthe
right camerapair aretreatedasseparatestereopairs. In a �rst step
thepositionsof visible markersaretriangulatedin eachstereopair
separately. If a marker positionis reconstructedfrom both stereo
pairs,its positionin 3D spaceis averaged.

Currentlyeachof the18markersateachhandpositionis associ-
atedwith thecorrectpositionlabel in aninteractive procedure.An
automaticapproachthatclusters3D marker positionsinto separate
handclustersandassignsthemarker labelsin eachclusteraccord-
ing to thecolorsof their neighboringmarkersis alsofeasible.

For motionreconstructionwelimit ourselvesto thosehandposi-
tionsin which thethreemarkerson thebackof thehandarevisible
for at leasttwo cameras.Only thenare the positionandorienta-
tion of thehandroot fully determined.Our setupis arrangedsuch
thatthis conditionis ful�lled for anaverageof four handpositions
aroundthe releasepoint. Thesehandpositionsarealso the most
interestingonesin termsof their motioncharacteristicssincethey
representthatpartof themotioncycle in which thehandand�nger
movementsdeterminethe speci�c rotationaxesandspin frequen-
cies of different pitch types. For somepitchesit is not possible
to reconstructthepositionof all �nger joints in eachreconstructed
handposition.Thiscanhappenfor thosepitch typeswherea �nger
is requiredto beaheadof theball in thereleasemomentsuchthat
it is occludedfrom all cameras.

5.4 Visualization of the Hand

For visualizingthe movementof handand�ngers we usean ani-
matablehandmodel.In particular, our handmodelis composedof
askinmeshandtheunderlyingbonestructure,seeFigure9 (right).
Animationof thehandmodelis controlledby joint rotationparam-
etersspeci�ed over time. We employ a physics-basedapproachto
computethe deformationof the skin tissuefor a given con�gura-
tion of thebonesinsidethehand.Theskinmeshis identi�ed with a
mass-springnetwork with biphasicstiffnesscoef�cients computed
accordingto [Van Gelder1998]. For the sake of brevity, we refer
to the approachpresentedin [Albrecht et al. 2003] for a detailed
descriptionof thisphysicallybasedanimationtechnique.

To animateourhandmodelwehaveto makesurethatit matches
thepitcher'shandin sizeandproportions.To thisendweapplyara-
dial basiswarpingfunctionasdescribedin [Albrechtetal.2003]to
createa “personalized”handmodelthatmatchesthesizeandpro-
portionsof thepitcher's hand.Thewarpedmodelis thenequipped
with markers at the samepositionsas on the glove, cf. Figure 9
(right).

Finally, thepersonalizedhandmodelis animatedusingjoint ro-
tationparametersthathave beencomputedautomaticallyfrom the
marker positionsobtainedfrom thetrackingprocess.This conver-
sion from marker positionsto joint rotationsproceedsasfollows.
First, we computethe positionandorientationof the backof the
handby aligningthethreemarkersonthebackof the(personalized)
handmodelto the correspondingtracked marker positions. Next,
we traversethe (anatomical)hierarchy of the handmodel along

each�nger. For eachjoint, wecomputetherotationanglethatmini-
mizesthedistancebetweenthepositionof thenext markeralongthe
handmodel'shierarchy andits correspondingtrackedmarker. After
traversingeach�nger up to its tip, all joint rotationsarespeci�ed.
We usekey frameinterpolationfor thejoint rotationparametersto
computesmoothanimations.

6 Results

For validationof our acquisitionsetupandtrackingalgorithms,we
have performedtheconsistency checkdescribedin Section4.5. As
aresult,weconcludethatourmeasurementsareveryaccurate.Av-
erageerrorsbetweenthe measured3D ball position and the pre-
dicted�ight trajectoryareaslow as13–19mm,whichcorresponds
to about18–25% of thediameterof thebaseball.

Thecalibrationerrorfor thecamerasetupwasonaveragebelow
onepixel in theimageplane.This assuresthata high-accuracy 3D
reconstructionfor theball andthehandmarkersis feasible.

For theball, theaveragedistancebetweena measuredfeaturein
theimageplaneandits reprojected3D locationis below two pixels.
Thereprojectionerror for thecenterof theball is aboutonepixel.
Partof thedeviationbetweenmeasuredandpredictedball positions
might result from small inaccuraciesin featurelocalizationin the
imageplane.

Due to the lack of groundtruth data for the handmotion we
cannotassessthereconstructedhandmotiondatadirectly. There-
projectionerrorsof thereconstructedmarker positionsof thehand
aresimilarly smallasthoseobtainedfor theball measurements.

The high-quality data we acquired from different baseball
pitchespermit new ways of visualizationthat provide interesting
feedbackto the athlete,the coach,andthe sportsenthusiast.The
�ight of thebaseballcanbevisualizedfromany cameraperspective,
seeFigure11. In particular, theball's initial �ight parametersand
their relationto the�ight trajectorycanberenderedinto instructive
sequencesas is demonstratedin the accompanying movie. Visu-
alizing the handmotion during releaseof the ball in slow motion
providesa new typeof visual feedbackfor theperformingpitcher.
Figure12depictstwo snapshotsof suchananimation.

The multi-exposureimagesacquiredfor trackingthe handmo-
tion show boththehandposesandtheball markers. We have thus
reconstructedhandmotionand�ight parametersfrom thesameset
of stroboscopephotographs.Thisway it is possibleto visualizethe
in�uence of �nger motion on the �ight parametersof the ball. In
Figure1, the characteristic�nger motion appliedto add the nec-
essaryspin to a slider is clearly visible. In particular, the middle
�nger exertshigh pressureon the ball to build up high spin. Due
to theaccelerationof themiddle�nger duringthepitch, this �nger
movesfurther thanthe other�ngers after releaseof the ball. The
rotationof theball in Figure1 is consistentwith themovementof
the�ngers.

7 Conclusion and Future Work

We have introduceda setupto capturehigh-speed,largescalemo-
tion via stroboscopephotography using off-the-shelf digital still
cameras.A methodfor automaticreconstructionof the 3D posi-
tionsandinitial �ight parametersof abaseballfrom multi-exposure
imagesis describedandvalidated. It is shown that from thesame
type of imagesit is alsopossibleto reconstructcomplex andfast
articulatedhandmotion.

Our systemprovidescomprehensive andprecisemeasurements
of bothpitchingmotionand�ight parametersfor a varietyof base-
ball pitches. In combinationwith our visualizationtechniques,
thesemeasurementslead to a betterunderstandingof the charac-
teristicsof baseballpitchesandresulting�ight trajectories.Thus,



Figure 11: Visualizationof a change-uptrajectory in a stadium.
The yellow pathshows the referencetrajectoryobtainedfrom the
physicalmodel. Theaverageoffsetof themeasuredball positions
to this referencepathis aslow as13mm.

Figure12: Visualizationof handand�ngers duringandafterrelease
of theball. In this change-uppitch, theball is spinningbackwards
abouta rotation axis orthogonalto the �ight direction. This can
be seenby comparingthe directionof the axesof the ball's local
coordinateframe.

thesystemprovidesaninstructivetool for pitchersandcoaches,en-
ablingthemto improve theirpitchingtechniquethroughprecisevi-
sualfeedback.Thedemandof suchvisualfeedbackwascon�rmed
duringour recordings,whenwe experiencedthat theathlete's per-
sonal estimateof his performancesometimesdeviates from the
measureddata.

We aimedat a high accuracy systemthat can be usedto ana-
lyzehigh-speedmotionona limited spatialandtemporalscale.We
don't seeourapproachasareplacementfor traditionalmotioncap-
ture techniques,but as a cost effective supplementwhich can be
usedin caseswheretraditionaltechniquesfail. Thebaseballpitch
is just an examplefor the applicationscenarioswe have in mind.
Otherpossiblescenariosare tennisservesor the athlete's motion
in several track and�eld eventssuchasjavelin or discus. Tennis
players,for instance,would bene�t from a preciseanalysisof the
correlationbetweenthe movementof their racket, speedandspin
of theball, andtheresultingball trajectoryduringaserve.

In thefuturewe planto extendour framework to enablecaptur-
ing humanfull-body motionby meansof stroboscopephotography.
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MichaelLaisewhohelpedusa lot duringsettingup theacquisition
equipment.To Kristina Scherbaumwe areindebtedfor lendinga
handwith thenastieraspectsof visualization.

References
ADAIR, R. K. 2002.ThePhysicsof Baseball, 3rded. HarperCollins,New York, NY.

AGGARWAL , J. K., AND CAI , Q. 1999.Humanmotionanalysis:A review. CVIU 73,
3, 428–440.

ALAWAYS, L. W., M ISH, S. P., AND HUBBARD, M. 2001. Identi�cation of Release
ConditionsandAerodynamicForcesin Pitched-BaseballTrajectories.Journal of
AppliedBiomechanics17, 63–76.

ALAWAYS, L. W. 1998. Aerodynamicsof the Curve-Ball: An Investigationof the
Effectsof Angular Velocity on BaseballTrajectories. PhD thesis,University of
California,Davis, Davis, CA.

ALBRECHT, I ., HABER, J., AND SEIDEL , H.-P. 2003. ConstructionandAnimation
of AnatomicallyBasedHumanHandModels. In Proc. Symposiumon Computer
Animation(SCA'03), 98–108.

ATHITSOS, V., AND SCLAROFF, S. 2003. Estimating3d handposefrom a cluttered
image.In Proc.of CVPR'03, vol. 2, 432.

BALLARD, D. 1981. Generalizingthe houghtransformto detectarbitraryshapes.
PatternRecognition13(2), 111–122.

COLLINS, D., AND BRUCE, R. R., Eds. 1994. Seeing the Unseen:
Dr. Harold E. EdgertonandtheWonders of StrobeAlley. MIT Press.

D' ORAZIO, T., ANCONA , N., CICIRELLI , G., AND NITTI , M. 2002.A ball detection
algorithmfor realsoccerimagesequences.In Proc.of ICPR'02, vol. 1, 10210.

DORNER, B. 1993.Handshapeidenti�cation andtrackingfor signlanguageinterpre-
tation. In IJCAI WorkshoponLookingat People.

FAUGERAS, O. 1993. Three-dimensionalcomputervision : a geometricviewpoint.
MIT Press.

GLEICHER, M., FERRIER, N., GARDNER, A., SHIN, S., TOLLES, T., AND WILSON,
T. 2001.Makingmotioncaptureuseful. In SIGGRAPHCourseNotes.

GUEZIEC, A. 2002.Trackingpitchesfor broadcasttelevision. IEEEComputer35(3),
38–43.

GUEZIEC, A. 2003. Tracking a baseballfor broadcasttelevision. In SIGGRAPH
CourseNotes.

HAIRER, E., NØRSETT, S. P., AND WANNER, G. 1993.SolvingOrdinaryDifferential
EquationsI: Nonstiff Problems, 2nded. Springer–Verlag,New York.

HEAP, T., AND HOGG, D. 1996.Towards3D handtrackingusingadeformablemodel.
In Proc.of 2ndIntl. Conf. onAutomaticFaceandGesture Recognition, 140.

HEIKKILA , J., AND SILVEN, O. 1996. Calibrationprocedurefor shortfocal length
off-the-shelfccd cameras.In Proc. of 13th InternationalConferenceon Pattern
Recognition., 166–170.

HOUSE, T. 2000.ThePitchingEdge, 2nded. HumanKinetics,Champaign,IL.

INTEL, 2002. Opensourcecomputervision library. Available from http://www.
sourceforge.net/projects/opencvlibrary .

JAIN, R., KASTURI , R., AND SCHUNCK , B. 1995. Machine Vision. McGraw Hill
International.

MURRAY, R. M., L I , Z., AND SASTRY, S. S. 1994. A mathematicalintroductionto
roboticmanipulation. CRCPress.

MUYBRIDGE, E. 1887. AnimalLocomotion:An Electro-Photographic Investigation
of ConsecutivePhasesof AnimalMovements1872–1885. University of Pennsyl-
vania,Philadelphia,PA.

PINGALI , G., JEAN, Y., AND CARLBOM , I . 1998. Realtime trackingfor enhanced
tennisbroadcasts.In Proc.of CVPR, 260–265.

PINGALI , G., YVES, J., OPALACH, A., AND CARLBOM , I . 2000. Lucentvision:
Convertingrealworld eventsinto multimediaexperiences.In Proc.of Intl Conf. on
MultimediaandExpo(ICME), 1433–1436.

PRESS, W. H., TEUKOLSKY, S. A., VETTERLING, W. T., AND FLANNERY, B. P.
1992.NumericalRecipesin C: TheArt of Scienti�cComputing, 2nded.Cambridge
UniversityPress,Cambridge,MA.

REHG, J. M., AND KANADE, T. 1994. Visual tracking of high DOF articulated
structures:anapplicationto humanhandtracking. In ECCV(2), 35–46.

SLANSKY, J. 1970.Recognitionof convex blobs.PatternRecognition2, 3–10.
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