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Abstract

Athletesandcoachesn mostprofessionasportsmale useof high-
techequipmento analyzeand,subsequentlymprove the athletes
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 motionin ap-
paratusgymnastics. High-tech and high-speedequipment,how-
ever, usuallyimplies high-costaswell. In this paper we presenia
passie opticalapproacho capturehigh-speednotionusingmulti-
exposureimagesobtainedwith low-costcommoditystill cameras
andastroboscopeTherecordednotionremainscompletelyundis-
turbedby the motion captureprocess.We apply our approachto
capturehemotionof handandball for avarietyof basebalpitches
andpresenglgorithmsto automaticallytracktheposition,velocity,
rotationaxis, and spin of the ball alongits trajectory To demon-
stratethevalidity of our setupandalgorithms,we analyzethe con-
sisteng of our measurementwith a physically basedmodelthat
predictsthetrajectoryof a spinningbaseball Our approacttanbe
appliedto captureawide varietyof otherhigh-speeabjectsandac-
tivities suchasgol ng, bowling, or tennisfor visualizationaswell
asanalysispurposes.

CR Categories: 1.4.1 [Image Processingand ComputerVision]:
Digitization and Image Capture—Cameraalibration 1.4.6 [Im-
age Processingand ComputerVision]: Segmentation—Edgand
featuredetectionl.4.8 [Image Processingand ComputerVision]:
SceneAnalysis—Motion,tracking

Keywords: high-speedmotion capture,multi-exposureimages,
pitchingand ight of baseballphysically basedvalidation

1 Intro duction

Creatingimagesof high-speednotionfor analysisof the underly-
ing actionhasbeendrawing the attentionof researcherfor mary
decades.Back in 1878, EadweardMuybridge conductedhis fa-
mous experimentsto createserial imagesof fast motion [Muy-
bridge 1887]. A setupof twelve camerasasusedto capturedif-
ferentstagef a galloping horse. One of the photographsndeed
shavedthe horsewith all of its hoovesoff the ground,corroborat-
ing the hypothesighathadled to theseexperiments.n the 19305,
Harold E. Edgertonat MIT perfectecthe useof stroboscopeho-
tograply to createmulti-exposurémagef high-speednotion,see
for instance[Collins and Bruce 1994]. However, the acquisition
processs usuallyconstrainedo actionstaking placein avery lim-
ited spatialdomainfor which decenillumination conditionscanbe

haberj@acm.org, {magnor, hpseidel}@mpi- sh.mpg.de

Figure 1: Visualizationof ball and hand motion obtainedfrom
multi-exposureimages. The hand motion during releaseof the
baseballis capturedand shovn togetherwith the resulting ight
characteristicef the ball.

setup easily In this paper we addresghe problemof capturing
andtrackinghigh-speednotionsequencethatcover large areaof
space.To avoid theexpense®f professionahigh-speedideocam-
erasandhigh-resolutiormotioncaptureequipmentpurapproachs
basedn low-costcommoditystill camerasndstrobelights.

We demonstrat@ur motion captureapproactor the handmo-
tion duringpitchingandthe ight trajectoryof a baseball Besides
the popularityof baseballthereareseveralreasongor our choice.
First of all, the underlyingmotion is very fastand extendsover
a large areaof space:the speedof a pitchedbaseballcanreach
80mphandabove, andthe distancefrom the pitchermoundto the
homebaseis 60.5feet (18.44meters).In addition,therearemary
differentmotionparameter¢hatwe would lik e to measureimulta-
neouslyfor avariety of pitches:

3D positionsalongthetrajectoryof the ying ball;

initial ight parametersf theball: normanddirectionof ini-
tial velocity, rotationaxis, spinfrequengy;

positionsof the nger joints of the pitchers handbefore,at,
andafterreleasingheball.

Finally, it is possibleto usea physically basedmodelto analyze
the consisteng of the acquireddata: if the ball's initial parame-
tersand ight positionsarereconstructedvith high accurag, they

shouldmatchthe resultsfrom a physically basedmodelthat pre-
dictsthe ight trajectoryof a spinningball traveling throughair. In

summary both the pitching and ight of a basebalturn out to be
a challengingandadequateype of motion for our motion capture
approacthalike.

1.1 Contributions
In this paperwe introducethe following main contritutions:

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



an algorithmto automaticallycomputethe 3D positionsand
theinitial ight parametersf abasebalfrom 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 mary sports highly competitve professionalleagueshave
evolved wheretechnicalperfectionhasbecomeessentiaffor ath-
letesin orderto keepup with theirrivals. Basebalhasalwaysbeen
one of the mostpopularsportsin the U.S. andmary countriesin

Asia. Dueto its variety of differentelementst is technicallyvery
challenging.In particular pitchingis thesinglemostimportantpart
of baseball. The goal for the pitcheris to throw the ball in sucha
way thatits trajectoryis asunpredictableaspossiblefor the other
teams batter In the history of baseballa greatvariety of pitches
hasbeendeveloped. They differ in the way the pitchers handand
ngers move duringreleasef theball. Differenthandmotionslead
to differentinitial velocities,rotationaxes,andspinfrequencieof

theball, whichin turnleadto different ight trajectoriesTheartof

pitchingis to be ableto performall kinds of pitchessuchthatthe
ball consistentlyentersthe strike zonenearthe batterin orderto be
valid. Thepursuitof athleticperfectionin basebalblreadystartsin

theminorleaguesndhasleadto thepublicationof mary textbooks
onspeci ¢ technicalaspect§Stewart 2002;House2000].

In recentyears, the athletes' demandfor tools to accurately
measureandanalyzetheir technicalperformancénasbeenbacled
by similar interestsfrom the media. Today mary sportsenthu-
siastsexpect conciseanalysisand visualizationof a sportsevent
during or after the broadcaston TV. In consequencemary re-
searcherdave approachedaseballfrom the scienti ¢ andtech-
nological point of view. The physicsof pitching and batting has
beenthoroughlyanalyzedn [Adair 2002]. Alawaysexaminedin
his PhD thesis[1998] the aerodynamic®f a curve-ball. He used
a systemwith ten high-speedvideo camerasoperatingat 240Hz
to capturethe ball trajectory Initial ight parameter®f the ball
werenot measuredut deducedrom the trajectoryanda physical
model of ball ight. During the SummerOlympics 1996in At-
lanta,Alawaysusedtwo 120Hz high-speediideo camerago track
ball positionsalongthe ight trajectory[Alawaysetal. 2001]. The
K-Zone system[Gueziec2003; Gueziec2002]is technicallysimi-
lar anddesignedo track thetrajectoryof a basebalfrom multiple
videostreamsn real-timeusingcolorinformationandaKalman I-
ter. In otherpopularsportssimilar systemsave beeninvesticated.
The Lucent\Msion system[Pingali et al. 2000] enablegracking of
the playerpositionsandthe ball trajectoryin tennismatchedrom
videoimages.Theball positionis trackedusinganalgorithmbased
on ball color andframe-diferencing[Pingali etal. 1998]. Rotation
axisandspinarenot measuredln [D'Orazio etal. 2002],a mod-
ied CircularHoughTransformis usedto follow the ball in video
broadcastsf asoccergame.

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

In this work we will demonstratéhat stroboscop@hotograph
is not only an appropriatemethodto accuratelytrack the ball tra-
jectory but alsoto track the complex articulatedmotion of the hu-
manhand. Many differentapproacheso tracking articulatedhu-
manbodymotionhave beeninvestigatedin thepast,spanningrom
mechanicabver magnetido opticalmethodghateitherrely onop-
tical markerson the humanbody or setasideary form of intrusion

into thescendgAggarwal andCai1999;Gleicheretal. 2001]. Com-
mercialoptical motion capturesystemgypically rely on expensve
high-frameratevideo camerasndmarkerson thebody.

Opticalapproachefor trackinghandarticulationusuallyderive
the handmotion from video sequenceandwith the supportof an
explicit handmodel.In [HeapandHogg 1996],a pointdistribution
modelis usedto track handmotion. Stengeret al. [2001] employ
a kinematicmodelbasedon quadricsggmentsanda Kalman lIter
to determinehandcon gurationsfrom video. In [Wu etal. 2001],
a 2D cardboarchandrepresentatioiis usedfor posecomputation.
Otherapproacheshat rely on an explicit handmodelandimage
featuresarethe Digiteyessystem/RehgandKanadel994]andthe
work in [Dorner 1993] where coloredmarkers on the handshav
the nger joint locationsin thevideoimages.A moreappearance-
basedapproactis presentedn [AthitsosandSclarof 2003]where
single hand posesare identi ed via comparisornto a databasef
renderechandmodels.

In contrastto video-basednotion capturesystemswe apply a
marler-basedrackingalgorithmto thehandthatderiveshandposes
from still imagesrecordedwith stroboscopehotograpl at high
accurag.

3 Setup

Weusea e xible setupto robustly acquiredifferenttypesof motion
dataunderreal-world conditions. To analyze ight trajectoriesof
differentpitcheswe needto acquireimagedatathatallows usto re-
constructheball'sinitial ight parametergi.e. normanddirection
of its velocity, directionof its rotationaxis,andspin) aswell asthe
3D positionsof theball alongits trajectory In addition,we wantto
capturethe motion of the pitchers handand ngers before,during,
andafterreleasingheball.

Acquiring this type of informationis very challengingsincethe
involved speedsare considerableindthe entire trajectoryextends
over arelatively wide area.To complicatethingsevenfurther, high
spatialaccurag is essentiain both ight analysisandhandmotion
capture.

In this work we demonstratéow to acquirethe necessarpigh-
accuray image datawithout resortingto expensve, specialized
hardware suchas high-speedvideo cameras. To obtain simulta-
neouslyhigh spatialaswell astemporalresolution,we apply stro-
boscopgphotograph. We captureanimageof thehigh-speedcene
in adarkenedroomusingaregulardigital still camerasetto along
exposuretime. The sceneis illuminated with a stroboscopdight
that emits shortlight pulsesat a suitablefrequeng. The result-
ing imagedepicts,superimposedthe dynamicsceneat different,
closely-spacetime instantswith thetemporalsamplingfrequeny
sethy the frequeng of the stroboscope High spatialaccurag is
easily achieved by using recentcommodity digital cameraswith
multi-million pixel resolution.

To captureanentirebasebalpitch, we setup ouracquisitiongear
in abasementoomwhich hasa centralfree spaceareaof approxi-
mately25m length,4 m height,and5m width. Thisis sufcient to
housethe completepitchingcorridor (18.44m in length)aswell as
to put up the cameraandlighting equipment.As imagingdevices
we employ consumeimarket Olympus M CamediaC5050still im-
agecameraghat provide a frameresolutionof 2560x1920pixels.
This cameramodelfeaturesa large-apertureoomlensthatcanbe
setto acomparatiely wide angle.We usefour camera®f thistype
in our setup.Controlsoftwarewasdevelopedenablingusto control
the settingsof all four cameradrom a single PC andto triggerall
camerashutterssimultaneously

Sincewe intendto recorda fairly wide-areascene we needa
sufciently luminousstroboscopdight sourcethat canilluminate
alarge volumeat high frequenciesIn our setupwe usetwo high-
outputstrobe asheswhich have anintensity of 5000Lux eachat



Figure2: Ball acquisitionsetup.Left: a stereocamergpair (encircledin magentafacingtheblack curtainontherightis capturingthe ball's
initial ight parametersTheballis illuminatedby a stroboscopécyan). Middle: schematidllustration of the setup.The two grey cameras
correspondo thecamerasn theleft image.For theinitial partof theball trajectory themeasuredball positionsareshavn in white, recorered
rotationaxesin red,andheightabore groundin green.The two cyan camerabsene the lastthird of the trajectoryandcorrespondo the
camerasn theright image. Right: a stereocamergpair (magentajnda strobelight (cyan) facingtowardsthe black carpetin the backare

responsibldor capturingthe ball trajectorycloseto the“homebase”.

Figure 3: Two stereocamerapairs (magenta)and a strobelight
(cyan)areplacedin asemi-circularmarrangemerdiroundthepitcher
to capturethe handmotion of differentpitches.

adistanceof 0.5m from thelamp. At full intensity the 20 ns-long
ashes canbe triggeredup to 80Hz which is sufciently fastfor
our purposes.

During recordingthe oor andwalls arecoveredwith blackcar
petandcloth to facilitate foregroundobjectsegmentationand au-
tomaticmarker tracking. Primarily, however, the dark materialab-
sorbsmostlight thathasnot hit foregroundobjects preservingcon-
trastandpreventingquick saturatiorof the multi-exposureimages.
Finally, a heary dark carpethangingdown from the ceiling at the
endof the ight corridorabsorbgheimpactof theball.

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

To recordthe basebalin ight, two stereopairsof camerasand
two stroboscopeareusedto capturethe initial and nal phaseof
theball ight, respectiely (Figure?2). Detailsaboutthe setupfor
acquisitionof ball motionaregivenin Section4.2.

For recordingthehand thefour camerasndonelight sourceare
placedin a semi-circulararrangementooking at the pitcherfrom
behindandabove, seeFigure3. Sections.2 givesfor furtherdetails
aboutthis step.

A crucial and—fora large setuplike ours—challengindaskis
the accuratecalibrationof the camerasWe apply a cameramodel
for shortfocallengthcameragHeikkila andSilven 1996]. Intrinsic
camergparametersireestimatedrom imagesof a planarchecler-
board pattern. Radial and tangentiallens distortion are modeled
up to secondorder[Jain et al. 1995] and eachmulti-exposureim-

Figure4: Left: basebalkquippedwith opticalmarkersin pitchers
glove. Right: illustration of the ball coordinatesystem. Markers
aredepictedassmallcoloredsphere®n theball.

ageis distortion-correctegrior to ary furtherprocessingExtrinsic
camergarameterareestimatedisingimagesof our3D calibration
object,seeFigure3. Camergositionandorientationaremetrically
calibrated.

Finally, we rely on our professionalbaseballpitcher who, as
we have veri ed, performsdifferentpitcheswith greatfaithfulness.
This allows usto correlateour measurementsf handmotionwith
themeasurementsf initial ight parameterand ight trajectory

4 Tracking the Ball

4.1 Preparation of the Ball

We paintopticalmarkersontheball to beableto estimatsts spatial
orientationfrom multi-exposureimages. Four different types of

markersare usedwhich differ in color andshapegred squareplue

ring, greertriangle,blackcircle). Overtheentiresurfaceof theball,

eachmarler 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 the poles. Marker typesare
assigneduchthat at leastthreedifferentmarkersarevisible from

ary viewpoint. In addition, the ( x ed) coordinatesystemof the
ball canbe determinedrom 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, andthe change-upall of them performedasthree-quarter



Figure 5: Multi-exposureimage of the ball to recover its initial
ight parameters.Automatically detectedmarkers are shovn as
coloreddots. Inset, left to right: magni ed imageregion, result
afterbackgroundsubtractiondetectedall silhouetteandpredicted
centerpoint, tted circleand nal centerpoint (seeSectior4.3).

Figure6: Multi-exposureimagetakenby oneof thebackcameras.

Thehalf-moonshapeof theballsis dueto thelateralpositionof the
stroboscopdluminating the ight path. Theinsetshavs the same
processingtepsasthe onein Figure5.

deliveries,i.e. with a releasepoint above andto the right of the
head. Eachof thesepitcheswasrecordedmultiple times. Pitches
differ in the way how the hand moves during launch, giving the
ball a differentinitial velocity, rotation axis, and spin frequeng.

Sincethesdnitial ight parametersompletelydetermingheball's

trajectory differentpitchesleadto different ight paths.

The fast-ballis the fastestpitch. It haslarge backspin and,
dependingon whetherit rotatesover four or only two of its
seamstheball is calleda 4-seameor a 2-seamer

Thechange-umlsoexhibits backspinbut hasalowervelocity
andspinfrequeng.

Thecurve-ballis releasedvith forward spinwhich makesthe
ball descendasterduringthelastphaseof its ight.

Theslideris thrown with a sidespin, makingthe ball turn to
onesidetowardstheendof the ight.

To acquireinformationaboutthe ight of a baseballtwo pairs
of camerasare usedthatfocuson differentaspectf the ball tra-
jectory Thefront two cameragake multi-exposurepicturesof the

rst 5m of the basebalb trajectoryright after the ball hasleft the
pitcher's hand. The camerasreplaced3.5 m away from the ight
path and are vertically alignedwith a baselineof approximately
0.8 m, seeFigure 2 (left). Onestrobelight is placedcloseto the
camerasandilluminatesthe scenesuchthatthe ball silhouetteap-
pearsas a circular shapein the images. In both cameras'multi-
exposureimagesthe ball is seenat several subsequenpositions
andorientations, ying from left to right in Figure5. The num-
ber of visible ball positionsis determinedby the pulsefrequengy
of the stroboscopeAt a strobelight frequeng of 80Hz, 6—-10ball
positionsarecaptureddependingon the speedf the pitch.

The stereocamergpair in the backpartof the setuprecordsthe
last third of the ight trajectorycloseto the “home base”where
themostinterestingvariationsbetweerdifferentpitchesoccur The
camerasare placedapproximately?2.8m high and4 m aparton ei-
thersideof the ight corridor, seeFigure?2 (right). A secondstro-
boscopsds locatedbelav the right cameraandilluminatesthe ball
at50Hz. Thislower frequeng is choserto betterseparatehe ball
in themulti-exposuremages.In contrasto thecamerasetupin the
front, the illumination directionin the back setupcausegartially
illuminatedball silhouettesshavn in Figure6. We compensatéor
this beforereconstructingpall positions,seeSection4.3.

During recording the shuttersof the front camerasare openfor
onesecondwhile the shuttersof the backcamerasxposefor 1.3
seconds. All camerasare triggeredsimultaneously As a trade-
off betweenmagenoiseandbrightnesswe run eachcamerawith
ISO 200sensitvity.

The 3D positionsof the ball in ight are recoveredvia trian-
gulation, seeFigure 7, andthe orientationof the ball's coordinate
frameis computed Thentheball'srotationaxisandspinfrequeny
aredeterminedseeFigure7 (left). At 80Hz, a ball ata spinrate
of 1600rpm rotatesby 120 betweensubsequenstrobe ashes.
Our samplingfrequeny is morethantwice the spinfrequeny and
thereforesufciently hightoful Il theNyquistcriterion.

4.3 Reconstructing Flight Positions

In eachmulti-exposurémage thesilhouetteof theball in thefore-
groundare separatedrom the backgroundby meansof a color
basedbackgroundsubtraction therebycreatingbinary foreground
masks.

In boththe front andbackstereopair of imagesithe ball silhou-
ettes'boundarypolygonsareidenti ed via a contour nding algo-
rithm (OpenCV [Intel 2002]). To correctsmall concaities at the
silhouetteboundarie®f the ballswe computethe corvex setof the
verticesof eachboundarypolygon[Slansk 1970].

First estimatesof the projectedball centerlocationsin each
image are found via tting ellipsesto the silhouette boundary
points. In eachstereopair of imagescorrespondencel3etween
projectedball centerlocationsare establishedria epipolargeom-
etry [Faugerad 993]. Approximateestimate®f the 3D ball center
locationsare obtainedoy meansof triangulationfrom correspond-
ing ellipsecentersin eachstereopair. The centerestimatesn the
imageplanesarefurtherimprovedby tting implicit circle models
to the silhouetteboundariedy meansof a Circular Hough Trans-
form [Ballard1981]in alocal neighborhooaf eachellipsecenter
Knowing the radii of the projectedballs from the rst 3D recon-
struction theHoughTransformsearctspaceeducego two dimen-
sions(centerocation). The nal 3D positionsarefoundfrom stereo
reconstructiorof thecircle centers.

Thewhole tting pipelineis illustratedin the insetsof Figure5
andFigure6 for thefront andbackcamerastespectiely. Thede-
scribedprocedurerobustly recovers 3D 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 beenreconstructedthe initial ight parameter$or
that dataset, i.e. velocity, rotation axis, and spin frequeng, need
to be determinedcf. Figuresl (left) and7 (left). Figure8 givesa
brief overview of the employed technique:from the reconstructed
3D marker positions,an initial guessfor the ight parameterss
extrapolatedwhich is thenre ned usingthe ball modelfrom Fig-
ure4 (right).

We identify the projectedball markersin the front stereopair of
imagesvia color-basedregion detectionand establishcorrespon-



dencesacrosssterecimagesvia the epipolarity constraint. The
marlers' 3D positionsarefoundvia triangulationandeachmarker
is assignedo the closesthall positionin 3D.

From the sequencef orientationsof the ball's coordinatesys-
temimmediatelyafter releaseof the ball, its initial spinfrequeny
and rotation axis are derived. In theory it is sufcient to know
the 3D positionsof the ball's centerandof two uniquelyidenti ed
markersto determineits orientation. Unfortunately it is impossi-
ble to decidefrom the color of a marker alonewhich one of the
threeinstanceof this marker type on the ball this is. In addition,

misclassi cationsdueto noisein the dataneedsto be considered.

Physicstells usthatthe orientationof therotationaxisandthe spin
frequeny of anideal ying balldonotchangeovertime (Sect4.5).
Consideringheabove we determingheinitial ight parameterby
meansf thefollowing numericaloptimizationscheme.

The algorithm processeshe n subsequenball positionsat the
beginning of the trajectory separatelyand in their temporal or-
der The orientationof the ball at positionk with respectto the
world coordinatesystemcan be represente@s a rotation matrix
R(a,; b:9), where(a,;b,;g) are Euler angles. Our goal is to
nd for eachsubsequenpair of 3D ball positionsatk 1 andk
therotationaxis wj 1K androtationangled 1K thatcorrespondo
therelative transformatiorR, 1k betweerR(a, ;b .9 1) and
R(a,: b ).

At positionk, thealgorithmexploits temporalcoherencdy pre-
dicting the orientationof the ball R(apred; bpred; gpred) by rotat-

ing orientationR(a, ;b ;g ;) furtherby d ,, ; aroundaxis
We 2k 1- Startingfrom thatparameteset(apred; bpred; gpred) the

algorithmusesPavell's method[Pressetal. 1992]to nd parame-
ters(a; b,; g, thatminimizethe enegy function:

Ela;b;g = aFE +aFE,
= 2,3 On()?+a & Ox(i)? @)
i2M jzfx;Mzg

with a; anda, beingweightingfactors. M is the setof detected
marlers at ball positionk, Dy (i) is the angulardistancebetween
reconstructednarker i and the closestmarker of the sametype

in the ball modelin the current orientation. Day(]j) is the an-
gular distancebetweenthe local coordinateaxis j 2 fx;y;zg of

the ball in orientation(a,; b,; g) andthe sameaxisin orientation
R(apred; bpred; qared)'

The rotation axis wj 1k and rotation angle q, 1k are
computed from the relative transformation R, 1k between
R(ay b 119, 1) andR(a,;b,;g) [Murray etal. 1994].

Having the sequencef rotationanglesandthe stroboscopére-
gueng, thespinfrequeny f canbederived.

In our methodwe do not strictly enforcethe constang of thero-
tationaxisandspinfrequeng, butinsteadntroducethiscriterionas
aweightedregularizationtermE, to compensatéor possiblemea-
surementerrorsand ball precession.For the initial rotation axis,
we averagethe rotation axes over the sequence.The direction of
theinitial velocity vector coincideswith the direction of the con-
nectingline betweenthe rst two ball positions,its magnitudeis
computedrom the strobefrequeng andthe Euclideandistanceof
the rst two ball positions. For the rst two ball positionsthe op-
timizationis run with a, = 0 in Equation(1). If this initialization
failsdueto toofew or badlylocatedmarkers,amanuainitialization
is feasible.

In our experimentswe were still able to recover valid initial
ight parametergven if for someballs noneor just one marker
wasfound. We obtainedalmost100% probability of correctde-
tectionfor the black markers and 90% for the red marlkers. The
blue and greenmarkerswere moredif cult to nd. In a compar
ative experimentit turnedout that a different color schemewith

Figure7: Reconstructedhitial ight parametergdeft) and ight po-
sitions(right). Distanceof theballsfrom groundis shavn in green,
rotationaxisin magentaandinitial velocity directionin yellow.

Figure 8: Stagesof the tting process.Left to right: position of
markers,resultfrom prediction,andresultfrom nal tting.

moreluminousmarker colorssigni cantly increasesherobustness
of marlker detection.

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 shav thatthe dataobtained
throughour measurementand processingare consistenwith the
predictionof a physically basedmnodelthat takesinto accountthe
dominatingforcesacting on a spinningball traveling throughair.

In accordancéo [Adair 2002]and[Alawaysetal. 2001],we com-
putethevelocity v(t) of abaseballvith massmusingthe rst-order

ordinarydifferentialequation

mv(t) = Fg + Fp(v(t)) + Fy(v(t) @)

with the gravitational force F, the drag force (or air resistancg
Fp. andtheMagnusforceF\, de ned as:

Fo = mg;
_ 1 . o V()
Fov() = 5 GO) r A NVOI® Fans
1 . . 2 wov(t)
Fu(®) = 5 CLv®iw) r A VO e

whereg denotegravity, r air densityandA thecross-sectionarea
of theball. Thevectorw representshe spinaxisof theball, which

is assumedo beconstantduringthe ight of theball'. To compute
the drag coefcient C(v(t)), we have tted apolynomialcurve to

thedatapresentedh [Adair 2002]and[Alawaysetal. 2001]. After

computingthe Reynold's numberRgv(t)) [Adair 2002] the drag
coefcient is evaluatedas

Co(v(t)) = 2:23
0:28342 10 4 ReVv(t)) + 0:13179 10 ° Rev(t))?
0:25083 10 ° Rev(t))% + 0:17083 10 %' Rev(t))*:

1For a perfectly homogeneousall, the spin axis doesnot change. In
practice,a smallprecessiomight occurdueto theinhomogeneoudensity
of naturalmaterialg(cork, leather)usedfor baseballs.



pitchtype g emax  “(VERV)  VET  DOVETive) A (weiw)  jw® DGw;jng)
fastball (2 seams) 18mm  39mm 1.3 63.2mph 1.9mph 0.4 1596rpm 22rpm
fastball (4 seams) 18mm 41mm 25 64.2mph 0.8mph 0.1 1612rpm 17rpm
curve ball 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

Tablel: Comparisorof our measurementsith referencerajectoriesobtainedirom a physically basednodel(Section4.5). For a variety of
pitches the averageerror e, andthe maximumerror enax betweerthe referencerajectoryandour measuredall positionsaregiven (Eu-

clideandistancebetweertrajectoryandcenterof ball). The precisionof our measuredhitial ight parameterss speci edby: » (VBEf; Vg) (an-
gle betweerreferenceandmeasuredelocity direction),D(jvgefj 1ivgl) (differencebetweerreferenceandmeasurednitial speed); (wef: w)
(anglebetweerreferenceandmeasuredpin axis direction),and D(jw'sfj; jwj) (differencebetweerreferenceandmeasuredpinfrequeng).
Absolutevaluesof referencenitial speeqv{)efj andspinfrequeny jw'®fj aregivenfor the sale of completeness.

Accordingto [Alawayset al. 2001], the lift coefcient C; canbe
computedasC, (v(t);w) = 1.5 r jwjgv(t)j . For thespecialcase
of afastballacrosswo or four seamspetterapproximation®f C
canbeobtainedfrom thediagramsn [Alawaysetal. 2001]. Given
the initial ball positionp, = p(0), the initial velocity v, = v(0),
aswell astheinitial spinaxisw andfrequeng f = jwj, the ying
ball's positionp(t) attimet is computedvia integratingv(t) over
time. Usingthe Runge-Kitta-Fehlbegy integrationschemeDOPRI5
from [Hairer etal. 1993]we solve ODE (2) for v(t).

Finally, we can computethe referencetrajectoryof a baseball
for a givensetof initial ight parameterg, v,, andw andcom-
pareit to our measurementsSincethe trajectorycomputedfrom
the ODE (2) is quite sensitve with respecto variationsin the ini-
tial ight parametersye searchfor an exact solution of (2) that
minimizesthe error both for the measuredall positionsand for
the measurednitial ight parametersisingPowell's optimization
method[Presset al. 1992]. Theresultingoptimalrefeencetrajec-
tory is thenusedto computethe measuremergrror (Table1).

Thecomparatiely low averagespeef thepitchesis dueto the
high numberof pitchesper recordingsessiorwhich exceededhe
usualtraining pensunof a basebalprofessionaby far.

5 Tracking the Hand

5.1 Preparation of the Pitcher's Hand

In order to determinethe locations of the nger joints in the
recordedmageswe have to markthemon the pitcher's hand. The
pitcherwearsa thin, transparentubberglove onto which colored
marlkersmadeof re ective tapeareglued,seeFigure9 (left). The
markers are placedon the joint positions,on the nger nails, and
on threedistinct positionson the backof the hand. Four different
marker colorsaredistributedsuchthatthedistancebetweerary two
marlers of the samecolor is maximized. In total 18 positionson
thehandaretaggedandassigned uniquepositionlabel. To facili-
tateidenti cation of the markersin the multi-exposureimagesthe
skin underneathhe glove is paintedwith black make-up. During
recordingsthe pitcherwearsblack clothesand a black facemask
to prevent misclassi cationsof moving body partsotherthanthe
pitchinghand.

5.2 Acquisition of Hand Motion

For acquisitionof hand motion, all four camerasand one stro-
boscopeare positionedin a semi-circulararrangemenbehindthe
pitcher seeFigure3. In front of the pitcher thewalls andthe oor

of the ight corridorarecoveredwith blackcloth. All camerasre

Figure9: Left: Markersfor trackingare attachedo the pitchers
hand. Right: Correspondingnarker positionson the personalized
handmodel.

Figure10: Multi-exposureémageof onecameraecordingthe hand
motionduringpitching. Inset: reconstructetiandmarker positions
for two handposes.

focusedontheregion wherethe pitcherreleasesheball. Thecam-
erapositionsare chosenin sucha way that two cameraobsene
the handmotion from the left andtwo from the right side of the
pitchers location. This way occlusionsof the handmarkers dur-
ing the comple pitchingmovementareminimizedandsuf ciently
separatea@xposuresof the handin the imagescould be obtained.
The strobelight is locateddirectly behindthe pitchersuchthatthe
focusof illumination coincideswith thereleasepositionof the ball.
During recordingsthe stroboscop@peratesat 75Hz, a frequeng
that leadsto a high numberof visible handpositionssufciently
separatedn theimagesfor all pitch types. For recordingall four
camerasretriggeredsynchronouslyvith anexposuretime of one
secondWe haverecordedhesamefour pitchesasfor thetrajectory
measurementsAgain, all pitcheswereperformedasthree-quarter
deliveries.



5.3 Tracking the Hand Position

The rst stepin reconstructinghe handmotion s to separatehe
marker positionsfrom the backgroundn eachof the four multi-
exposureimagesusing backgroundsubtraction. Sinceall unim-
portantpartsof the sceneare coloredblack, the re ective markers
emege very brightly in the images,seeFigure 10. The locations
of themarlersin eachphotograptcanbeidenti ed with a similar
techniqueasdescribedn Sectiord.4for theball markers.For each
marker type a color interval is de ned. Connectedmageregions
above a minimum size whosepixels fall into one of the intenals
are consideredhs projectedmarler locations. The projectedcen-
tersof themarkersareapproximatedsthe centerof gravity of the
marker regions. The correspondencesver differentcameraviews
areestablishediia epipolargeometry Technically theleft andthe
right camergpair aretreatedasseparatesteregpairs.In a rst step
the positionsof visible marlersaretriangulatedn eachstereopair
separately If a marker positionis reconstructedrom both stereo
pairs,its positionin 3D spacéds averaged.

Currentlyeachof the 18 markersat eachhandpositionis associ-
atedwith the correctpositionlabelin aninteractve procedure An
automaticapproactthatclusters3D marker positionsinto separate
handclustersandassignghe marker labelsin eachclusteraccord-
ing to the colorsof their neighboringmarkersis alsofeasible.

For motionreconstructionve limit ourselesto thosehandposi-
tionsin which thethreemarkerson the backof thehandarevisible
for at leasttwo cameras.Only thenare the position and orienta-
tion of the handroot fully determined.Our setupis arrangedsuch
thatthis conditionis ful lled for anaverageof four handpositions
aroundthe releasepoint. Thesehandpositionsare alsothe most
interestingonesin termsof their motion characteristicsincethey
representhatpartof themotioncyclein whichthehandand nger
movementsdeterminethe speci c rotationaxesand spin frequen-
cies of different pitch types. For somepitchesit is not possible
to reconstructhe positionof all nger jointsin eachreconstructed
handposition. This canhapperfor thosepitch typeswherea nger
is requiredto be aheadof the ball in the releasamomentsuchthat
it is occludedrom all cameras.

5.4 Visualization of the Hand

For visualizingthe movementof handand ngers we usean ani-

matablehandmodel. In particular our handmodelis composedf

askin meshandthe underlyingbonestructure seeFigure9 (right).

Animationof thehandmodelis controlledby joint rotationparam-
etersspeci ed over time. We employ a physics-basedpproacho

computethe deformationof the skin tissuefor a given con gura-

tion of thebonesnsidethehand.Theskin meshis identi ed with a

mass-springietwork with biphasicstiffnesscoefcients computed
accordingto [Van Gelder1998]. For the sale of brevity, we refer

to the approachpresentedn [Albrecht et al. 2003] for a detailed
descriptionof this physically basedanimationtechnique.

To animateour handmodelwe have to make surethatit matches
thepitchershandin sizeandproportions.To thisendwe applyara-
dial basiswarpingfunctionasdescribedn [Albrechtetal. 2003]to
createa “personalized’handmodelthat matcheghe sizeandpro-
portionsof the pitcher's hand. Thewarpedmodelis thenequipped
with markers at the samepositionsas on the glove, cf. Figure 9
(right).

Finally, the personalizethandmodelis animatedusingjoint ro-
tation parametershathave beencomputedautomaticallyfrom the
marker positionsobtainedfrom the trackingprocess.This corver
sion from marker positionsto joint rotationsproceedsasfollows.
First, we computethe position and orientationof the back of the
handby aligningthethreemarkersonthebackof the (personalized)
handmodelto the correspondingracked marker positions. Next,
we traversethe (anatomical)hierarcly of the hand model along

eachnger. For eachjoint, we computetherotationanglethatmini-
mizesthedistancebetweerthepositionof thenext markeralongthe
handmodelshierarcly andits correspondingrackedmarler. After
traversingeach nger up to its tip, all joint rotationsarespeci ed.
We usekey frameinterpolationfor the joint rotationparameterso
computesmoothanimations.

6 Results

For validationof our acquisitionsetupandtrackingalgorithms we
have performedhe consisteng checkdescribedn Section4.5. As
aresult,we concludethatour measurement@revery accurate Av-
erageerrorsbetweenthe measure®D ball positionandthe pre-
dicted ight trajectoryareaslow as13—-19mm,which corresponds
to about18-25% of thediameterof the baseball.

Thecalibrationerrorfor the camerasetupwason averagebelon
onepixel in theimageplane.This assureshata high-accurag 3D
reconstructiorior the ball andthe handmarlkersis feasible.

For theball, the averagedistancebetweera measuredeaturein
theimageplaneandits reprojectedD locationis below two pixels.
Thereprojectionerrorfor the centerof the ball is aboutonepixel.
Partof thedeviation betweermeasure@ndpredictedball positions
might resultfrom smallinaccuraciesn featurelocalizationin the
imageplane.

Due to the lack of groundtruth datafor the hand motion we
cannotassesshe reconstructethandmotion datadirectly. There-
projectionerrorsof the reconstructednarker positionsof the hand
aresimilarly smallasthoseobtainedfor the ball 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 thebasebaltanbevisualizedfrom ary camergerspectie,
seeFigurell. In particular the ball'sinitial ight parameterand
theirrelationto the ight trajectorycanberenderednto instructive
sequencesasis demonstratedn the accompaying movie. Visu-
alizing the handmotion during releaseof the ball in slow motion
providesa new type of visualfeedbackfor the performingpitcher
Figure12 depictstwo snapshotef suchananimation.

The multi-exposureimagesacquiredfor trackingthe handmo-
tion shav boththe handposesandthe ball markers. We have thus
reconstructedhandmotionand ight parameterérom the sameset
of stroboscop@hotographsThisway it is possibleto visualizethe
in uence of nger motionon the ight parametersf theball. In
Figure 1, the characteristicnger motion appliedto addthe nec-
essaryspinto a slideris clearly visible. In particular the middle

nger exertshigh pressureon the ball to build up high spin. Due

to theacceleratiorof themiddle nger duringthe pitch, this nger
movesfurtherthanthe other ngers after releaseof the ball. The
rotationof the ball in Figurel is consistentvith the movementof
the ngers.

7 Conclusion and Future Work

We have introduceda setupto capturehigh-speedlarge scalemo-
tion via stroboscopgyhotograpl using off-the-shelfdigital still

cameras.A methodfor automaticreconstructiorof the 3D posi-
tionsandinitial ight parametersf abasebalfrom multi-exposure
imagesis describedandvalidated. It is shavn thatfrom the same
type of imagesit is also possibleto reconstruccomplex andfast
articulatechandmotion.

Our systemprovides comprehensie and precisemeasurements
of bothpitchingmotionand ight parameter$or avariety of base-
ball pitches. In combinationwith our visualizationtechniques,
thesemeasurementieadto a betterunderstandingf the charac-
teristicsof basebalbitchesandresulting ight trajectories.Thus,



Figure 11: Visualizationof a change-ugrajectoryin a stadium.
The yellow pathshaws the referencerajectoryobtainedfrom the
physicalmodel. The averageoffset of the measuredall positions
to this referencepathis aslow as13mm.

Figurel2: Visualizationof handand ngers duringandafterrelease
of theball. In this change-upitch, the ball is spinningbackwards
abouta rotation axis orthogonalto the ight direction. This can

be seenby comparingthe direction of the axes of the ball's local

coordinateframe.

thesystenprovidesaninstructive tool for pitchersandcoachesen-
ablingthemto improve their pitchingtechniquethroughprecisevi-
sualfeedback Thedemandf suchvisualfeedbackvascon rmed
during our recordingswhenwe experiencedhatthe athletes per
sonal estimateof his performancesometimesdeviates from the
measurediata.

We aimedat a high accurag systemthat canbe usedto ana-
lyze high-speednotionon alimited spatialandtemporalscale.We
don't seeour approactasareplacementor traditionalmotioncap-
ture techniquesput as a cost effective supplemenivhich canbe
usedin casesvheretraditionaltechniquedail. The basebalpitch
is just an examplefor the applicationscenariosve have in mind.
Other possiblescenariosare tennissenes or the athletes motion
in severaltrackand eld eventssuchasjavelin or discus. Tennis
players,for instance would bene t from a preciseanalysisof the
correlationbetweenthe movementof their racket, speedand spin
of theball, andtheresultingball trajectoryduringa sene.

In the future we planto extendour framework to enablecaptur
ing humanfull-body motionby meansf stroboscopghotograp.
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