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Figure 1: Non-photoealisticillustration of motioncaptule sequences(a) spinkick, (b) dancingpirouette (c) cart wheel,(d) bending-eer.
Ead motionis emphasizedsingmotionarrows,noisewaves and/or stroboscopianotion.

Abstract

Thereare mary applicationsfor which it is necessaryo illustrate
motion in a static image using visual cueswhich do not repre-
senta physical entity in the scene,yet are widely understoodo
corvey motion. For example,considerthe task of illustrating the
desiredmavementsfor exercising,dancing,or a given sporttech-
nique. Traditionalartistshave developedtechniquego specifyde-
siredmavementsprecisely(technicalillustrators)andsuggesimo-
tion (cartoonists)n animage.

In this paper we presentan interactive systemto synthesizea 2D
imageof ananimatectharacteby generatingrtist-inspirednotion
cuesderived from 3D skeletal motion capturedata. The primary
cuesinclude directedarravs, noisewaves, and stroboscopiano-
tion. First, theuserdecomposethe animationinto shortsequences
containingindividual motionswhich canbe representedby visual
cues.Thesystemthenallows the userto determinea suitableview-
pointfor illustratingthe movement to selectthe properlevel in the
joint hierarcly, aswell asto ne-tune variouscontrolsfor thedepic-
tion of thecuesthemseles. While the systemdoesprovide adapted
default valuesfor eachcontrol, extractedfrom the motion capture
data, it allows ne-tuning for greaterexpressveness. Moreover,
thesecuesaredrawn in realtime, andmaintaina coherentdisplay
with changingviewpoints.

We demonstratehe bene t of our interactve systemon various
motion capturesequences.

CR Categories: 1.3.7 [ComputerGraphics]: Three-Dimensional
Graphics and Realism—Animationl.3.3 [Computer Graphics]:
Picture/Imageseneration—DisplagndViewing algorithms

1 Introduction

The verbalcorveyanceof anideais a powerful mediumfor shar
ing precisethoughts. However, a well-illustratedimagemay also
bring aninstantunderstandingf the subjectmatter For example,
Tufte[1997] saysthat“to documentandexplain a processto male
verbsvisiblg is at the heart of informationdesigr’ This princi-
ple hasalways beena concernin illustrationsof all kinds, from
strict technicaldesignsto more permissie cartooncomics. Visual
cuesare powerful tools in graphicartsthat compensatéhe inher
entlimitations of the visualizationmedium. Motion cuesfall into
this category, emphasizingemporalinformation from a dynamic
3D world into a static2D representation.

Motion capturds apopulartechniqueo animatearticulateccharac-
tersfrom tracked marlkerson realactors.It inheritsthe actor's nat-
ural motions,andtherefore offersgreatpotentialto illustratetech-
nical motions.However illustratingmotion capturedatain a single
imagecanbe very dif cult. Most often, sequentiakey posesare
simply dravn, which canleadto very clutteredandincomprehensi-
bleimages.In fact,motioncapturedataencodeshierarchicallyand
temporallycomplex articulatedmodelsof charactersandassuch,
it holdstremendousnotioninformation. We proposea methodthat
focusenillustratingmotionsuggestetby a staticposeof suchan
animation.To do so,we introducea setof motioncuesthatallows
adaptve illustration of motion capturedata. Clarity of information
corveyed by a singlepictureis a subjectve notion. Thus,we pro-
posea methodthatwill make useof anintuitive setof parameters
to adaptanillustrationto a users perceptiorof motion.

We proposeheuseof ahierarcly thatisolates‘illustrable” partsof
a skeletalmotion capturesequenceWith this method,we areable
to illustrate motion at differentlevels of precision. We make use
of motion arrons, noisewaves, and stroboscopianotions. These
three motion cuessuccessfullyillustrate most maovementswhen
usedconjointly. Moreover, we presentillustrationsby key poses
selectionandfoot stephighlighting.

In this paperweillustratethe useof motion cueswith motioncap-
ture data,speci cally tailoredto skeletalanimations.Eventhough
it is nottheobjective of our researchpur motionanalysisandillus-
tration canbe performedin real time, which offers greatpotential



for additionalimprovements.Suchillustrationscanbe of greatuse
for automaticgeneratiorof precisetechnicalmaneuerspictures.

2 Related Work

lllustratingmotionin still imageshasalwaysbeena comple task,
asthe mediumitself doesnot offer 4D support. Tufte [1997] ex-
posesthis aw of 2D mediain his work, but also suggestshow

to make useof the limited mediato build temporalrepresentation.

Perceptuallyan instantaneougnagein time doesnot accurately
representvhatthe humaneye sees.Cutting [2002] introducesthe
momentatemporallyunrestrictedmagethatallowstheviewerbet-
tertemporalreconstructiorof the actionby “capturingthe psyto-
logical truth of theevent.

Cartoonistshave historically employed various motion indicators
to improve informationcorveyedby illustrations.McCloud[1993]
describedhe useof actionlines, stroboscopieffects,and streak-
ing effects as intuitive perceptuallyimposingways of suggesting
motion. Theseconceptscan also be appliedto computeranima-
tion. Masuchetal. [1999]introducedmethoddor integratingspeed
linesinto compute@nimation.Baseduponthiswork, Kawagishiet
al. [2003]introducedsereralcartoon-blutechniquegor 2D anima-
tions. Moreover, Joshiet al. [2005] proposedan approacho illus-
tratespeedines, o w ribbons,andstrobesilhouettedor voxelized
3D models. Collomosseet al. [2005] introduceda framevork for
illustrating 2D video sequencewvith streaklines, ghostlines, and
motionblur effects. NienhausandDollner [2003; 2005] presented
generatoolsfor illustrating3D animationsexploiting variousstruc-
turesfrom the scenegraph. Their work is similar to oursin spirit.
Sincethey canaccessry informationin the scenegraph,they can
producevery generalllustrations,justlike ary completeanimation
system.In contrast,our approactis speci cally tailoredto motion
capturedatafrom articulatedgures, andwe concentrateur efforts
on more automaticmotion captureanalysisandillustration, given
thegreateravailability andpotentialenclosedvith suchdata.

While actionlines hold greatdescriptve power, stroboscopidalis-
play canbe more effective for someanimations. Hence,Assaet
al. [2005] proposeda methodfor isolatingkey posesof a motion
captureanimation.Agarwalaetal. [2004] alsointroducedamethod
for stroboscopidllustration in their digital photomontagdrame-
work.

Other motion enhancergprovide lessinformation, but still hold
artistic value. Liu et al. [2005] introduceda techniqueto am-
plify deformationgroduceddy subtlemotionsin orderto enhance
their perceptualisibility. With his cartoondioramas,Raskaret
al. [2002] proposeda way to simulatemotion on a staticphysical
modelby projectinganimationon it. They usedaf ne shearingo
simulateaccelerationin themodel. Also, Brostov andEssg2001]
introducedatechniquehatproducegiirectedphotographianotion
blur for 2D animations Wheeleretal. [2006] proposednethodgo
simulatesimilar blur for 3D animations.

Technicadesigrholdsamorestricttemporalllustration. Agrawala
etal. [2003] proposeda methodto generatgsychologicallyacute
assemblyinstructions. Storyboardingillustration usesa similar
notationto cartoon. However, sincethis particularmediummust
corvey technicalinformationto Im makers,moreprecisemotion
cueswill befavoredfor characterandcameragHart 1999]. Dony
et al. [2005] proposedechniquego simulatecartoon-lile trailing
line effectson moving charactergor storyboardediting. Recently
Goldmanet al. [2006] extendedstoryboardllustration with useof
motionarrows on bothcharacterandcameranovements.

Using 3D animation data, our interactve system will semi-
automaticallyillustrate skeletal motion capturedata. We will use

technicalandcartoonmotioncuesto convey motioninformationin
asinglestatic2D image.While motioncapturemovementsegmen-
tationsproduceinterestingresults[Barbic et al. 2004; Kovar and
Gleicher2004]for identifying key poseswe offer a compromise
betweertheseposesandmanualselectionor sgmentatiorby the
user whenhejudgesnecessary

3 Motion Capture Hierarchy

Motion capturedatafor articulatedgures is traditionallyorganized
andstoredasa hierarcly of bones(geometry). Eachbonehasan
orientation expressedvith a quaternionaroundits coordinatesys-
tem(boneorigin). Thisorientationis regularly sampledn timeinto
frames(poses).

For the purposeof illustration, we assumeve have a selectechose
(time) for the articulated gure, andall motiondatawithin the pre-
cedingandfollowing key poses.Thesekey posescanbecomputed
analytically or manuallysggmentedby the user

At rst, considerthe illustration of a single bone. Parameter
2 [0; 1] determines point alongthe lengthof this bone.We ex-
tractthe sequencef pointsat on this bone,for all frameswithin
thetwo key poses.This sequence&e nesthe point's motioncurve
throughtime. This motion curve canbe representedh two pos-
sible spaces.The local motioncurvewith coordinateshat origin
from thelocalbonejoint referentiathusrepresentthebonemotion
aroundits axis. The global motioncurverepresentshe bonemo-
tion in world spacecoordinates.The motion curve in both spaces
will be usedin Section4.1. The motion curve will not give good
resultsfor all situations therefore we alsousethe quaterniordata
attachedo thebonedatato evaluaterotations.By applyingthresh-
oldingon motioncurve values we areableto analyzeandillustrate
mostmotionswith the motioncuesproposedn Sectior4.

While the above techniqueworks for one bone,we would prefer
to bene t from the hierarchicalnatureof animatedskeletons. Be-
sideswe shouldnottry to illustratemotiononall skeletonbonesas
thiswould generateoo muchinformation. Thereforewe assemble
groupsof bonesnto meaningfulanatomicahierarchicaktructures,
giventhe motion captureskeleton. For eachgroup,we mustiden-
tify suitablepositionson the geometryof the skeletonfor which
motionillustrationwould be unambiguousThereforewe construct
an articulatedpath as a continuouslinear sequencef bones,and
distanceon this pathis simply de ned over the sum of its bone
lengths. The sameparameter 2 [0; 1], asillustratedin Figure2,
is intuitively appliedon the length alongthis path, andthe same
techniqueon the resultingpoint de nes the motion curve. We use
quaterniondataat the joint of the root of the articulatedpath to
evaluaterotations.

For certain groupsof bones,often higher up in the hierarchical
structure,thereis no representate position that can be suitably
moved on the geometryof the skeleton(e.g., upperbody with two
arms). For sucha group,we indicateonerepresentatie point that
will notbeaffectedby .

Basedon the original motion captureskeletaldata,we recursvely

subdvide the skeletonbonesinto a balancedtree of meaningful
groupsof bonego form levelsof detailfor theillustrationmethods.
We de ne the skeletalnodeg a singlenodeof this treewhich refers
to ananimatedsub-sleleton(i.e., a groupof bones)of the motion
captureskeleton(seeFigure3). Ourtreeis built in suchawaythata
parentnhodemustcontainthe samesetof bonesasall its children's

nodes bones. This way, we make surethat eachlevel of the tree
includesthe whole setof bonescontainedin the original motion
capturedata. This particularrepresentatiomoldsanotherbene t,

while illustrating animations. Dependingon the currentmotion,



a differentlevel of the motion capturehierarcly may be usedto
performillustration. Typically, for a moredetailedillustration, the
lastlevel of the hierarcly will be favored,while the rst level will

be usedfor moregeneralllustrations,suchasdisplacementsf an
entirebody.

motion curve

Figure 2: A group of ve bonesformsan arm with one fork at
theradiusbone Thearticulatedpathis thelongestbranc of the
skeletondatain thearticulated gure. It containsthe humerusthe
radius,thehand,and ngers. A motioncurvegoesthrougha xed
positionon the geometryat a ratio of , startingat theroot of the
articulatedpathfor this groupof bones.

3.1 Human Skeleton Hierarchy

We de ned a groupingstrateyy robust enoughto t ary kind of

motion capturedatarepresentethroughanimatedskeletonhierar

chies. Most of our work is appliedto humanmotion capturedata,
therefore,we de ne precisegroupingsof skeletonmotion capture
datathat perceptuallysggmentthe humanbody skeletonin motion
representate parts(seeFigure3).

Considerthe animatedskeletonas a tree that goesfrom the root
of the skeleton(i.e., its pelvis) to its extremities(i.e., feet, hands,
head).We cande ne perceptuafjroupsof boneswith eachfork in

theboneshierarcly. As such,the skeletonis subdvidedinto upper
body andlower body sub-sleletons,andis recursvely subdvided
to re ne separatiorof the skeletonanatomicaparts.

Our groupingsfor the humanmotion captureskeletonde ne four
recursve levels of detail. The rst level refersto the entire ani-
matedskeletonmotion data. This level never changesregardless
of the animationwhich is illustrated. The secondlevel separates
the body into two entities, the upperbody and lower body The
third level isolatesthelimbs of the skeleton,aswell asits torsoand
its head. This level de nes a preciseyet generalsegmentationof
the skeletonbody partsandis frequentlyusedin illustrations. The
fourth level is our maximalseparatiorallowedfor illustration with
ourhumarskeleton.Hencewe usethislevel for morecomplex mo-
tionsrequiringdescriptve illustrations. We did not considerhands
andfeetbonesasmostanimatedskeletonswe useddid not provide
suchmotion.

4 Motion Cues

Motion cuesdiffer in the degree of informationthey addto mo-
tion. We canclassifytheseindicatorsaccordingto their evocative-
ness,their clarity, the motion direction or motion precisionthey
suggesto the viewer [Cutting 2002]. We proposea setof indi-
catorswhich corvey, on variousdegrees,theseproperties.In our
systemwe make useof motion arrons, noisewaves, stroboscopic
motion, posesdllustration,andfoot stepsllustration.

Themotionarrow is themostpowerful indicatorof motionwe syn-
thesizein our work (Section4.1). Its shapeprovidesan effective
representatiorfor direction, velocity, and signi cance of motion.
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Figure 3: Perceptualgroupingsof animatedskeletonfor human
motion captue data illustration. We presentanatomical subdi-
visionsthat recussively createfour possiblelevels of illustration.
Eadh level containsthewholeskeletondata, but sgmentednto ar-
ticulatedsub- guresreferred by skeletal nodes.Somenodes suc
as the headand torso, are duplicatedinto two different levels to
allow the creationof a balancedree

On the contrary noisewaves (Section4.2) produceonly hints of

motion. They areusefulfor uncertainmotions,or hesitationghat
have no cleardirections.Thesetwo cuescaneasilybeusedin con-
junctionwith astroboscopidlisplay(Sectiord.3) of previousposes
within the illustrated sequence.lt can often help in clarifying a

staticimage.

To produceglobalillustrationsof anentireskeletonunderdisplace-
ment,our systemuseswo traditionaltechniqueslt rst handlesdl-
lustrationof the key poseqSectiond.4) of themotioncapturedata,
joined by motion arrows generalizedor displacements.Further
more,we alsoillustratethesequencef key foot stepqSectiord.5).
Footstepssequencés frequentfor certainmotions,suchasdancing
stepsor tacticalmaneuers.

4.1 Motion Arrows

Our motion arrowns are appliedto representwo rigid transforma-
tions: translationandrotation. Thesetransformationgansuccess-
fully represenmostmotion capturemovements.Arrows are usu-



ally preferred[Goldmanet al. 2006] for their higher precisionin
motionillustrationto cuessuchasstreaklinesor ghostlines[Collo-
mosseetal. 2005],motionblur [Brostov andEssa2001;Kawagishi
etal. 2003],or dynamicshearindRaskaretal. 2002].

To illustrate a motion, the user rst selectsa pose,for instanceat
timet;. He thenselectghelevel in the motion hierarcly at which
the illustration will be computed. In our examples,the highest
(mostdetailed)levels wereusuallypreferred asthey corvey more
informationfor detailedllustrationsof morecomplex (andinterest-
ing) motions. Eachskeletalnodeat this level will resultin at most
onemotion arraw illustration. This motion arronv spanshe entire
selectedequencéhatencompasses, thatis all posedetweerthe
previouskey poseandthe next key pose.

The decisionof representinga movementor not by anarrow, and
whetherto useatranslatioror arotationarrow, is basecnananal-
ysis of the motion curve for the point at in the local spaceof
its skeletalnode. Becausdranslationappeardo be predominant,
andcanevenreplacesomerotations,we rst try to t atranslation
arraw to the motion curve. Our tting criteriaarebaseduponthe
totallengthof thecurve, its averagevelocity, andits averageaccel-
eration. We thereforefavor longerand fastermotion curves. For
rotationarrons, our methodusesthe quaterniordataat the skeletal
node. Whena bone,or setof bonesrotatesaroundits orientation
axis(i.e., it rolls), themotioncurve for apointat mightnotbring
satishctoryresults. In sucha case we extracttheroll anglefrom
the quaternions.To do so, we computethe roll anglebetweerthe
two extremaquaternionsecordedwithin thetwo key poses.

lllustration of motion arranvs usessceneinformation displayed
throughthe motion curve. A translationarrov geometryapprox-
imatesthe completemotioncurve over the sequencéy a quadratic
curve,throughleast-squar@terpolation.We foundthataquadratic
curve often corveys sufcient motioninformation,while retaining
aestheticcharacteristiceand e xibility for efcient display Our
testswith curves of higher degreeswere much less conclusve.
Therotationarronv usesthe quaterniorat the currentposet; to re-
trieve thereferentialaxisaroundwhich thearrow is displayed.Our
methodcreatesa circulararcgeometrywhichillustratestheroll ro-
tation. Furthermorethe arc radiusis automaticallyadaptedo the
characteshape Usingthe skeletalnode,we considerthe maximal
distancebetweertheboneaxisandthe skinnedgeometryasthearc
radiusfor ourillustrations.Motion arrons have several parameters
to controlthearron shapgseeFigure4).
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Figure 4: Motion Arrows. (a) Thetranslationarrow is de ned by
a quadmtic curve Thelocal color satumation indicatesthe motion
velocitiesalongtheillustratedsequenceThearrow lengthdepends
onthelengthof illustrativecurve (b) Therotationarrowis de ned
by a portion of circle aroundthe featuied noderefeential. Its arc
angle' is xed to a defaultvaluebut canbe ne-tunedby user Its
radius is dependenobn theillustratedcharacter geometry Body
width we, headwidth wy, and headlengthl, are parametes of
both typesof arrows. In our implementationwe xed the values
sudithatdwe = 2wh = Ip.

Ourmethodof illustrationensuresiewpointrobustnes®nthe mo-

tion arrov. Our methodmodi es the orientationof the arron's
body andheadso thatits geometryis always perpendiculato the
view direction,henceofferingmaximaldisplaycoverageowardthe
viewer. To do so,we divide thearrav bodyinto a numberof short
seggments. Eachsegmentis orientedalongits tangent. We evalu-

atethe crossproductbetweerthis directionandthe camerdook-at
vector which de nestheorientationfor thewidth dimensiorof the
arrav sggmentin 3D space.Nearcrossproductdegeneraciesywe

x the orientationof the arraw to the last calculatedvectorfor all

subsequensegmentsin the arrov. We favor planardisplayof the
arrov headasit is the mostrepresentate part of the geometry
Hence arrav constructiorstartsatthe headand nishes atthetail.

Viewpoint robustnesgonstraintsn our systemmale it impossible
to provide twisting freedomto arrow.

The arrov mustbe visible at all time in the illustration and thus,
mustnotbeoccludedy thecharactes geometry We proceedwith
a two-passrenderingof the skeletoncharacteto enablegeometry
transpareng only whenit occludesanarron. Thearrows are rst
renderedn the stencil buffer. The characteris then renderedas
transparentvhenthe stencilis 1 andopagquewhenthe stencilis 0
(no arraw). StroboscopicharactergSection4.3) arealwaysren-
deredastransparent.

4.2 Noise Waves

Noisewavesareusedto illustrate subtlemovementsn the motion
capturedata. A noisewave is a type of action line mostly used
in cartoongo emphasizgiggly motions[Dony et al. 2005; Collo-
mosseet al. 2005; McCloud 1993]. This motion cueis therefore
not aboutprecision,but seeksto highlight movementsthat cannot
bewell illustratedthroughmotionarraovs [Liu etal. 2005].

Again, assumellustration of a sequencdor a poseattimet;, ata
selectedevel of the motion hierarcly, andat positionsde ned by
. Thiscreatesamotioncurve for eachskeletalnodeatthis level.

We analyzeeachmotion curve separatelyin global 3D space.
Noise waves will appearwhen the motion has a larger ampli-
tudethannoisy datathmin in typical motion capturedata, but a
loweramplitudethanthosesubjectedo moreadvancedllustrations
thmax , suchasmotionarravs (seeFigure5a). Thelengthof thedi-

agonald of the axis-aligned3D boundingbox for the motioncurve

determineshe amplitudeof the motion.
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Figure 5: NoiseWaves.(a) Analysisfor noisewavesrefers to the
boundingbox of the motioncurveat timet;. Noisewavesare dis-
playedwhenthmin < d < thmax . (b) A noisewaveis illustrated
throughn,, repetitionsof the character geometryoutline A dis-
tanceof sepaatesead outline In our implementationye xed
thewaveline width to 1 pixel to reduceits visualimportance

We simulatenoisewavesby renderingthe outline of the character



geometrya numberof timeswith anincreasingscalingfactor(see
Figure5b). To evaluatewhetherthe wave is unidirectionalor bidi-
rectional,we computeapproximatedirectionsfor the motioncurve
beforeand after t; usingleast-squaretting. If the two portions
of the curwe follow the samedirection, the motion is considered
unidirectionalandonly its associategdideof thenoisewavesis dis-
played. Otherwise,the motion is consideredidirectional. Simi-
larly to motionarrows, the appearancef the noisewavesadaptgo
theviewpoint. We graduallyerasehesenoisewaveswhenthewave
directionbecomegparallelto thelook-atvectorto avoid misleading
information.

4.3 Stroboscopic Motion

Stroboscopidllustration of an animationreplicatesseveral poses
of theanimationto reconstitutehe motionin a singlestaticimage
[Agarwala et al. 2004; Cutting 2002; McCloud 1993]. This par

ticular representatioof motionis widely usedin photograpl, in

drawings,andmorerecentlyin computeigraphics.t holdsaneasy-
to-understanébrm withoutrequiringtechnicalsymbolsof ary sort.

While stroboscopianotion hassimilarities with motion blur, the
two motioncuesdo not corvey the samelevel of information.Mo-

tion blur usually Iters theimageby blendingcontinuousmotionto

producea basicemphasi®of motion. It cannotreproduceaswell a

motiontrajectorycomposedy discretestroboscopiceplicates.

Ourimplementatiorof stroboscopienotion simply usesthe direct
informationfrom the motion capturedatato drav with anincreas-
ing transparencterm , ns previousframesof the currentmotion
sequenceThesdramescanbeconsecutie in time, or separatedy
a givennumberof frames. Transparengis proportionalto a user
de nedvalue o, whichenablego regulatethefadingeffect of the
stroboscopianotion (seeFigure6). This approachdisplaysa dis-
cretizedsampleof posesthroughtime, that roughly approximates
thegeneramotionin asingleillustration.
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Figure 6: Stoboscopianotionillustratespreviousmotionthrough
ns posesof increasingtranspaency . Usingtranspaencyvalue
o, transpaencyfor previousframet; ; isde nedas( o)’ .

4.4 Key Poses lllustration

lllustration of key posescan help understandan animationas a
whole by juxtaposingmultiple key posesof theanimationin a sin-
gleimage[Assaet al. 2005]. However, it maybedif cult to men-
tally link multiple key poseso reconstructheoriginal action. Sim-
ilarly, displayingafractionof all intermediatgposeamaystill over
loadtheresultingimage.We build onthework of Assaetal. [2005]
to detectkey poses,but apply our translationmotion arrons (see
Section4.1)to illustratemaovementshetweertheseposeyseeFig-
ure10).

Startingfrom anautomaticallyjcomputedsetof key posespur sys-
temillustratesthe intermediatenovementswith translationarrovs
by analyzingthe information given by the skeletal animationin

time. Typically, becausave mainly searchfor generaimovements
betweenwo key poseswe concentratehe analysison the rst or

secondevels of motion hierarcly (seeFigure 3), by applyingthe
methoddescribedn Section4.1. This time, we illustratea virtual

poseattimet;. This poseis comprisedbetweentwo key posesof

the sequencevhich de ne the motion cune for analysisandillus-

tration.

Thekey posesllustrationis naturallymoreeffective with spatially
well spread-ouainimationssuchaswalking andrunning.

4.5 Foot Sequence lllustration

A foot stepsequencaéllustration highlights on the groundtraces
(prints) left by the feetthroughthe animation. Sucha representa-
tion canhelpunderstandomple feetsequencethatcouldbedif -
cultto illustratewith othermotioncues.While moreprecisevisual
cuesexist in dancenotation,afoot stepsequencéoldsanintuitive
representatiopasyto relateto [Hutchinson1984]. We proposehis
representatioasa possibleextensionto our illustrationtechnique.

For this particularmotion cue,we make useof the researchmade
into foot plantretrieval in motion captureandenforcemento pre-
ventthewell-known foot skatingartifact[Glardonet al. 2006;Ko-
var et al. 2002]. We usethe motion hierarcly to retrieve the feet
of thecharacterandidentify foot plantposes A manualfoot plant
selectionis alsoavailableto ne-tune the desiredllustration.

For a particularfoot plant, we illustrate the footprint geometryin

2D onthe groundby aligningit with the skeletalfoot axis at time

ti. The footprints associatedvith one foot sharea uniquecolor,

differentfrom the otherfoot. We useagain translationmotion ar

rows (seeSection4.1) to illustrate on the groundthe in-between
movementconnectingfor eachfoot, onefootprint to the next one.
Finally, to improve theunderstandingf the sequencequmbersare
drawvn on eachfootprint geometry orientedwith the footprint (see
Figurell).

While our classidn-betweerarraw illustrationprovessufcient for
shortfoot stepsanimationsijt maynotresponcdaswell to long com-
plex animations More work is still neededo reducethe numberof
overlappingfootprintsandarrows.

5 Results

We have presentedn the previous sectionsa setof methodsthat
enablerobust analysisandillustration of movementsfrom motion
capturedata.We applythesemethoddo variousexamplesof skele-
tal motion capturedata. Our methodsuccessfullyillustratescom-
plex motionfor a singleposeof animation(seeFiguresl, 7, 8, and
9), or for multiple posescombinedin a singleimage(seeFigures
10and11).

To illustrate humanmotion capturedata, we usethe perceptually
basedmotion hierarcly proposedn Section3.1. Our examplesil-
lustratesubtlemotions,which requireto selectlevels 2 or 3 in the
motion capturehierarcly. We have not appliedary pre-processing
to the motion capturedatausedfor our results. Our methodcan
handlethe raw data,while the usermay modify parametersf the
methodto his liking. Analysisandillustration of motion cuesare
fastenoughto enablemanipulationin realtime.

Figure7 illustratesin four imagesvariousstagesof an exercising
motion capturesequence.The charactemperformsjumping jacks,
sidetwists,armrotations,andreachedor his feet. No singleimage
couldillustrateall thesemotions,but multiple imagesgive a good
temporalreconstitution We usedthe secondevel of themotion hi-
erarcly for this animation.Our defaultillustrationsproducedyood



results,but we ne-tuned someparameterso improve visualcues.
In the rst image,we increasedhevalueof to obtainmorecir-
cular arravs at the forearms. In the lastimage,we increasedhe
numberof key posesn motionanalysigo getlongermotioncurves
andtherefore Jongerarravs. Such ne-tuning only took about10
secondsndgave fast,intuitive updateof the motioncues.

Figure 7: Anexercisingsequencdlustratedin four images. These
four images combine motion arrows, stroboscopicmotion, and
noisewaves.

A weight-lifting sequencés illustratedin two imagesin Figure8.
Aslifting involvesmovementf theforearm weillustratethis mo-
tion with thethird level of the hierarcly to obtainmoreprecisere-
sults. Notice the noisewavesappendedo charactes upperarms.
While thereis novisually presentnotion,thecharactestruggleso
lift theweights,thusinitiating subtledirectednoisewaves.

Figure 8: A weight-lifting sequencéllustrated in two images.
Thesdawo imagescombinemotionarrowsand noisewaves.

Figure9 illustratesa charactejumping forward andkicking a ball
in two separatédmages. Notice colorsin the motion arrons ap-
pendedto the right leg of the characterin the two images. The
gradientemphasizethe declineof speedvhenthe charactejumps
in the rst imageandthe boostof speedattheendof the nal kick
in thesecondmage.

Figure 9: A soccerkick sequencdlustratedin twoimages.Motion
arrowsenhancedvith stroboscopiamotionwere sufcient for this
animation.

Our key posesillustrationin Figure 10 shavs an actionsequence
from anobstacle-aoidancewalk with eightdifferentposesin this
image,thelengthof the arraws is setto half the distancebetween
key poses We increasedhe default width to enhancerron's visi-
bility. Motion arrows areappendeanly wheretemporalcoherence
could be ambiguous. Our systemautomaticallydiscardedarrovs
betweerthe rst andsecondposesandbetweerthelasttwo poses,
accordingo theirlengthandmeanvelocity.

Figure 10: Eightkey posesllustratethemovementsn anobstacle-
avoidancewalk sequence

Figure 11 shaws foot stepsillustration for a lambadadance. The
characteperformsasequencef six stepswhichformsarepetitve
patternthroughoutthe animation. We reducedthe width for the
default arrovs andtheir lengthsto t a smallerrepresentatiomnd
preventoverlappingthe arrons andfoot prints.

Figure 1 shaws four differentmotion capturesequencefor which

the motionis illustratedwithin a single pose. The spinkick pose
(Figurela)represents charactespinningin mid-air while giving

a rotatingkick with his left leg. Thesemovementsareillustrated
respectiely with two rotation arronvs aroundthe torso and head,
andalongertranslationarrav nearthetip of theleg. Thepirouette
pose(Figurelb)illustratesa charactespinningon himself. We use
motionarronvs to emphasizehe spinningmotiononthecharactes

torsoandtranslationarrons on botharms.Moreover, the character
slideshis left foot andspinsstandingon his right foot. We respec-
tively emphasizehe prior motion with a translationarrov on the
right ankle and with a rotationarrowv aroundthe left ankle. The
cartwheelpose(Figure 1c) illustratesa charactetipping his body
overin awheelmotion. We emphasiz¢hetranslatiormotionof the
charactes legsby appendindong curvedarravs. Moreover, weiil-
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Figure 11: Foot sequence(a) Technicalillustration of a lambada
dancesteps. This image was handdrawn and illustratescommon
conceptdoundin dancestepsrepresentatio{Hutchinson1984].

(b) Our illustration for the samestepsusingmotion captue data.
Theleft stepsare displayedin blue; theright in yellow Numbes

and arrows are appendedo the illustration to increasetempoal

sequence

lustratethe handssubtlemotionwith noisewaves. While thehands
do not move, they slightly shift in the main movementdirection,
thusillustratedwith unidirectionalnoisewaves. The bending-@er

pose(Figure 1d) depictsa charactercrouchingto reacha virtual

objecton the ground. We illustrate the crouchingmotion with a
translationarron on the charactes back. A secondmotion arrow

is appendedo the handto indicatea picking-upmaotion.

Tablel detailsthespeci cationsfor theillustrationparameterased
for theteaseimages.

Sequence Parameters
Arrows Waves Strob
We [ ' Nw [ Ns [ 0
Spinkick [ 0:65 [ 0:60 | 160° 6 | 0:45
Pirouette | 0:75 | 0:50 | 160° 4 | 0:30
Cartwheel | 0:60 | 1:00 3 | 055 10 | 0:40
Bend-aver | 0:75 | 0:60 2 | 060 7 | 0:30

Table 1: Parametes usedfor the teaserimages (seeFigure 1).
While automaticillustration provided satisfyingresults,the real-
time display allowedto ne-tune themwithin secondswith these
nal parametervalues.

An accompaying video sequenceand additional illustrations
are available at the website associatedwith this paper from

www.iro.umontreal.ca/labs/infographie/papers. The video shavs

actualmotioncapturesequencethatwereusedin our illustrations.
It also demonstrateghe intuitive tuning of parametersand real-
time display of our system. This can be very usefulto get the
bestcameraangle,while thevariousillustrationsareautomatically
adaptedto the cameraposition. While we focusedin this paper
on a still imageillustrating motion, somesequencesf the video
shav how the systemcanbeusedin conjunctionwith theanimated
sequenceThis canbe very usefulto bring specialattentionto par

ticular movements.

6 Conclusion

6.1 Summary

We have presentedan interactve systemfor illustrating various
movementsextractedfrom skeletal motion capturedata,andrep-
resentthemin a singleimage. Our approachanalyzeshe move-
mentsat differentlevels of detail and appliesa humberof non-

photorealisticmotion cuesto illustrate the mostimportantmove-
ments. We have demonstratedhe illustrativenessof motion ar
rows, noisewaves, and stroboscopianotion. Moreover, we have
appliedour motioncuesto improve illustration of movementscon-
veyedthroughautomaticallydetectednultiple posesaswell asau-
tomatically detectednultiple foot steps.Our perceptuallysugges-
tive motion cuescanbring immediateunderstandingf motionsin
alimited static2D image.

Ourhierarchicabrganizationof thearticulatedgure appliedto the
movementsallow to isolate“illustrable” partsof themotioncapture
dataat differentlevels of detail. This methodenables fastandef-

fective motionanalysisaswell asmotionillustration,andrequires
no pre-processingFinally, we introduceda limited setof param-
etersfor our motion. While the default valuesextractedfrom the
motion analysisare often satisfying, the real-timedisplay in our
systemallows for interactve ne-tuning of the appearancef the
motion cues,aswell asthe cameraposition. All updatesaredis-

playedin realtime, appropriatelyorientedwith respecto thecam-
era.

6.2 Future Work

Ourshorttermgoalincludestheextensionto anumberof othermo-

tion cues,suchasspeedines andmotion blur, thusincreasinghe
realmof artisticexpressionsn our system We alsoplanonimprov-

ing our motionanalysistools for robustnessindbetterrecognition
of behaiors and patternsin motions. They would improve auto-
maticselectionof the pose(s)motioncuesandtheir default values,
aswell aspreferredcamergpositions. A thoroughuserevaluation
of oursystemwould alsohelpde ne precisevaluesfor motioncues
parameters.

Our long term goal is to automaticallyrecognizespeci ¢ move-

mentsfrom a databaseandapplythe mostappropriatehigh or low

level motioncuesfor thedesiredypeof illustrations.Thiscouldin-

cludeillustratingdifferentmotionsin ballet, martialarts,andother
high-precisionsportsor arts. A possibleextensionwould thenbe
to nd signi cant differencedetweemmotionsfrom a professional
andalearnerthusillustratingthe mostimportantdifferencesn or-

derto improve thelearners skills.
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