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Figure 1: Non-photorealisticillustration of motioncapture sequences:(a) spinkick, (b) dancingpirouette, (c) cart wheel,(d) bending-over.
Each motionis emphasizedusingmotionarrows,noisewaves,and/orstroboscopicmotion.

Abstract

Therearemany applicationsfor which it is necessaryto illustrate
motion in a static image using visual cueswhich do not repre-
senta physical entity in the scene,yet are widely understoodto
convey motion. For example,considerthe taskof illustrating the
desiredmovementsfor exercising,dancing,or a given sport tech-
nique. Traditionalartistshave developedtechniquesto specifyde-
siredmovementsprecisely(technicalillustrators)andsuggestmo-
tion (cartoonists)in animage.

In this paper, we presentan interactive systemto synthesizea 2D
imageof ananimatedcharacterby generatingartist-inspiredmotion
cuesderived from 3D skeletalmotion capturedata. The primary
cuesincludedirectedarrows, noisewaves,andstroboscopicmo-
tion. First, theuserdecomposestheanimationinto shortsequences
containingindividual motionswhich canbe representedby visual
cues.Thesystemthenallowstheuserto determineasuitableview-
point for illustratingthemovement,to selecttheproperlevel in the
joint hierarchy, aswell asto �ne-tunevariouscontrolsfor thedepic-
tion of thecuesthemselves.While thesystemdoesprovideadapted
default valuesfor eachcontrol,extractedfrom the motion capture
data, it allows �ne-tuning for greaterexpressiveness. Moreover,
thesecuesaredrawn in real time, andmaintaina coherentdisplay
with changingviewpoints.

We demonstratethe bene�t of our interactive systemon various
motioncapturesequences.

CR Categories: I.3.7 [ComputerGraphics]:Three-Dimensional
Graphics and Realism—AnimationI.3.3 [Computer Graphics]:
Picture/ImageGeneration—DisplayandViewing algorithms

1 Intr oduction

The verbalconveyanceof an ideais a powerful mediumfor shar-
ing precisethoughts.However, a well-illustratedimagemay also
bring an instantunderstandingof thesubjectmatter. For example,
Tufte [1997]saysthat“ to documentandexplaina process,to make
verbsvisible, is at the heart of informationdesign.” This princi-
ple hasalways beena concernin illustrationsof all kinds, from
strict technicaldesignsto morepermissive cartooncomics.Visual
cuesarepowerful tools in graphicartsthat compensatethe inher-
ent limitations of the visualizationmedium. Motion cuesfall into
this category, emphasizingtemporalinformation from a dynamic
3D world into astatic2D representation.

Motioncaptureisapopulartechniquetoanimatearticulatedcharac-
tersfrom trackedmarkerson realactors.It inheritstheactor's nat-
ural motions,andtherefore,offersgreatpotentialto illustratetech-
nical motions.However illustratingmotioncapturedatain a single
imagecanbe very dif�cult. Most often, sequentialkey posesare
simplydrawn, whichcanleadto veryclutteredandincomprehensi-
ble images.In fact,motioncapturedataencodeshierarchicallyand
temporallycomplex articulatedmodelsof characters,andassuch,
it holdstremendousmotioninformation.Weproposeamethodthat
focuseson illustratingmotionsuggestedby astaticposeof suchan
animation.To do so,we introducea setof motioncuesthatallows
adaptive illustrationof motioncapturedata.Clarity of information
conveyedby a singlepictureis a subjective notion. Thus,we pro-
posea methodthatwill make useof an intuitive setof parameters
to adaptanillustrationto auser'sperceptionof motion.

Weproposetheuseof ahierarchy thatisolates“illustrable” partsof
a skeletalmotioncapturesequence.With this method,we areable
to illustratemotion at different levels of precision. We make use
of motion arrows, noisewaves,andstroboscopicmotions. These
three motion cuessuccessfullyillustrate most movementswhen
usedconjointly. Moreover, we presentillustrationsby key poses
selectionandfoot stephighlighting.

In this paper, we illustratetheuseof motioncueswith motioncap-
turedata,speci�cally tailoredto skeletalanimations.Eventhough
it is not theobjectiveof our research,ourmotionanalysisandillus-
tration canbe performedin real time, which offers greatpotential



for additionalimprovements.Suchillustrationscanbeof greatuse
for automaticgenerationof precisetechnicalmaneuverspictures.

2 Related Work

Illustratingmotionin still imageshasalwaysbeena complex task,
asthe mediumitself doesnot offer 4D support. Tufte [1997] ex-
posesthis �a w of 2D media in his work, but also suggestshow
to make useof the limited mediato build temporalrepresentation.
Perceptually, an instantaneousimagein time doesnot accurately
representwhat thehumaneye sees.Cutting [2002] introducesthe
moment, atemporallyunrestrictedimagethatallowstheviewerbet-
ter temporalreconstructionof theactionby “capturingthepsycho-
logical truth of theevent”.

Cartoonistshave historically employed variousmotion indicators
to improve informationconveyedby illustrations.McCloud[1993]
describedthe useof actionlines,stroboscopiceffects,andstreak-
ing effectsas intuitive perceptuallyimposingwaysof suggesting
motion. Theseconceptscan also be appliedto computeranima-
tion. Masuchetal. [1999]introducedmethodsfor integratingspeed
linesinto computeranimation.Baseduponthiswork, Kawagishiet
al. [2003]introducedseveralcartoon-blurtechniquesfor 2D anima-
tions. Moreover, Joshiet al. [2005] proposedanapproachto illus-
tratespeedlines,�o w ribbons,andstrobesilhouettesfor voxelized
3D models. Collomosseet al. [2005] introduceda framework for
illustrating 2D video sequenceswith streaklines,ghostlines,and
motionblur effects. NienhausandDöllner [2003;2005]presented
generaltoolsfor illustrating3Danimationsexploitingvariousstruc-
turesfrom thescenegraph.Their work is similar to oursin spirit.
Sincethey canaccessany informationin thescenegraph,they can
produceverygeneralillustrations,just likeany completeanimation
system.In contrast,our approachis speci�cally tailoredto motion
capturedatafrom articulated�gures, andweconcentrateourefforts
on moreautomaticmotion captureanalysisandillustration,given
thegreateravailability andpotentialenclosedwith suchdata.

While actionlines hold greatdescriptive power, stroboscopicdis-
play canbe moreeffective for someanimations. Hence,Assaet
al. [2005] proposeda methodfor isolatingkey posesof a motion
captureanimation.Agarwalaetal. [2004]alsointroducedamethod
for stroboscopicillustration in their digital photomontageframe-
work.

Other motion enhancersprovide less information, but still hold
artistic value. Liu et al. [2005] introduceda techniqueto am-
plify deformationsproducedby subtlemotionsin orderto enhance
their perceptualvisibility. With his cartoondioramas,Raskaret
al. [2002] proposeda way to simulatemotion on a staticphysical
modelby projectinganimationon it. They usedaf�ne shearingto
simulateaccelerationin themodel.Also, Brostow andEssa[2001]
introduceda techniquethatproducesdirectedphotographicmotion
blur for 2D animations.Wheeleretal. [2006]proposedmethodsto
simulatesimilarblur for 3D animations.

Technicaldesignholdsamorestricttemporalillustration.Agrawala
et al. [2003] proposeda methodto generatepsychologicallyacute
assemblyinstructions. Storyboardingillustration usesa similar
notationto cartoon. However, sincethis particularmediummust
convey technicalinformationto �lm makers,moreprecisemotion
cueswill befavoredfor charactersandcameras[Hart 1999].Dony
et al. [2005] proposedtechniquesto simulatecartoon-like trailing
line effectson moving charactersfor storyboardediting. Recently,
Goldmanet al. [2006] extendedstoryboardillustrationwith useof
motionarrowsonbothcharactersandcameramovements.

Using 3D animation data, our interactive system will semi-
automaticallyillustrateskeletalmotion capturedata. We will use

technicalandcartoonmotioncuesto convey motioninformationin
asinglestatic2D image.While motioncapturemovementsegmen-
tationsproduceinterestingresults[Barbic et al. 2004; Kovar and
Gleicher2004] for identifying key poses,we offer a compromise
betweentheseposes,andmanualselectionor segmentationby the
user, whenhejudgesnecessary.

3 Motion Capture Hierar chy

Motion capturedatafor articulated�gures is traditionallyorganized
andstoredasa hierarchy of bones(geometry).Eachbonehasan
orientation,expressedwith aquaternion,aroundits coordinatesys-
tem(boneorigin). Thisorientationis regularlysampledin timeinto
frames(poses).

For thepurposeof illustration,we assumewe have a selectedpose
(time) for thearticulated�gure, andall motiondatawithin thepre-
cedingandfollowing key poses.Thesekey posescanbecomputed
analytically, or manuallysegmentedby theuser.

At �rst, consider the illustration of a single bone. Parameter

 2 [0; 1] determinesa point alongthelengthof this bone.We ex-
tractthesequenceof pointsat 
 on this bone,for all frameswithin
thetwo key poses.This sequencede�nes thepoint's motioncurve
throughtime. This motion curve canbe representedin two pos-
sible spaces.The local motioncurvewith coordinatesthat origin
from thelocalbonejoint referentialthusrepresentsthebonemotion
aroundits axis. Theglobal motioncurverepresentsthebonemo-
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 alsousethequaterniondata
attachedto thebonedatato evaluaterotations.By applyingthresh-
oldingonmotioncurvevalues,weareableto analyzeandillustrate
mostmotionswith themotioncuesproposedin Section4.

While the above techniqueworks for onebone,we would prefer
to bene�t from the hierarchicalnatureof animatedskeletons.Be-
sides,weshouldnot try to illustratemotiononall skeletonbonesas
thiswouldgeneratetoomuchinformation.Therefore,weassemble
groupsof bonesinto meaningfulanatomicalhierarchicalstructures,
given themotioncaptureskeleton.For eachgroup,we mustiden-
tify suitablepositionson the geometryof the skeletonfor which
motionillustrationwouldbeunambiguous.Thereforeweconstruct
an articulatedpathasa continuouslinear sequenceof bones,and
distanceon this path is simply de�ned over the sum of its bone
lengths.Thesameparameter
 2 [0; 1], asillustratedin Figure2,
is intuitively appliedon the lengthalong this path,and the same
techniqueon theresultingpoint de�nes themotioncurve. We use
quaterniondataat the joint of the root of the articulatedpath to
evaluaterotations.

For certaingroupsof bones,often higher up in the hierarchical
structure,there is no representative position that can be suitably
movedon thegeometryof theskeleton(e.g., upperbodywith two
arms).For sucha group,we indicateonerepresentative point that
will notbeaffectedby 
 .

Basedon theoriginal motioncaptureskeletaldata,we recursively
subdivide the skeletonbonesinto a balancedtree of meaningful
groupsof bonesto form levelsof detailfor theillustrationmethods.
We de�ne theskeletalnode, a singlenodeof this treewhich refers
to ananimatedsub-skeleton(i.e., a groupof bones)of themotion
captureskeleton(seeFigure3). Ourtreeis built in suchawaythata
parentnodemustcontainthesamesetof bonesasall its children's
node's bones.This way, we make surethat eachlevel of the tree
includesthe whole set of bonescontainedin the original motion
capturedata. This particularrepresentationholdsanotherbene�t,
while illustrating animations. Dependingon the currentmotion,



a different level of the motion capturehierarchy may be usedto
performillustration. Typically, for a moredetailedillustration,the
last level of thehierarchy will be favored,while the �rst level will
beusedfor moregeneralillustrations,suchasdisplacementsof an
entirebody.

Figure 2: A group of �ve bonesforms an arm with one fork at
the radiusbone. Thearticulatedpath is the longestbranch of the
skeletondatain thearticulated�gur e. It containsthehumerus,the
radius,thehand,and�ngers. A motioncurvegoesthrougha �xed
positionon thegeometryat a ratio of 
 , startingat theroot of the
articulatedpathfor thisgroupof bones.

3.1 Human Skeleton Hierar chy

We de�ned a groupingstrategy robust enoughto �t any kind of
motioncapturedatarepresentedthroughanimatedskeletonhierar-
chies.Most of our work is appliedto humanmotioncapturedata,
therefore,we de�ne precisegroupingsof skeletonmotion capture
datathatperceptuallysegmentthehumanbodyskeletonin motion
representativeparts(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 perceptualgroupsof boneswith eachfork in
theboneshierarchy. As such,theskeletonis subdividedinto upper
body andlower body sub-skeletons,andis recursively subdivided
to re�ne separationof theskeletonanatomicalparts.

Our groupingsfor the humanmotion captureskeletonde�ne four
recursive levels of detail. The �rst level refersto the entire ani-
matedskeletonmotion data. This level never changes,regardless
of the animationwhich is illustrated. The secondlevel separates
the body into two entities,the upperbody and lower body. The
third level isolatesthelimbsof theskeleton,aswell asits torsoand
its head. This level de�nes a preciseyet generalsegmentationof
theskeletonbodypartsandis frequentlyusedin illustrations.The
fourth level is our maximalseparationallowedfor illustrationwith
ourhumanskeleton.Hence,weusethislevel for morecomplex mo-
tionsrequiringdescriptive illustrations.We did not considerhands
andfeetbonesasmostanimatedskeletonsweuseddid notprovide
suchmotion.

4 Motion Cues

Motion cuesdiffer in the degreeof information they add to mo-
tion. We canclassifytheseindicatorsaccordingto their evocative-
ness,their clarity, the motion direction or motion precisionthey
suggestto the viewer [Cutting 2002]. We proposea set of indi-
catorswhich convey, on variousdegrees,theseproperties.In our
system,we make useof motionarrows, noisewaves,stroboscopic
motion,posesillustration,andfoot stepsillustration.

Themotionarrow is themostpowerful indicatorof motionwesyn-
thesizein our work (Section4.1). Its shapeprovidesan effective
representationfor direction, velocity, andsigni�cance of motion.

Figure 3: Perceptualgroupingsof animatedskeletonfor human
motion capture data illustration. We presentanatomicalsubdi-
visionsthat recursivelycreatefour possiblelevels of illustration.
Each levelcontainsthewholeskeletondata,but segmentedinto ar-
ticulatedsub-�guresreferredby skeletalnodes.Somenodes,such
as the headand torso, are duplicatedinto two different levels to
allow thecreationof a balancedtree.

On the contrary, noisewaves (Section4.2) produceonly hints of
motion. They areusefulfor uncertainmotions,or hesitationsthat
havenocleardirections.Thesetwo cuescaneasilybeusedin con-
junctionwith astroboscopicdisplay(Section4.3)of previousposes
within the illustratedsequence.It can often help in clarifying a
staticimage.

To produceglobalillustrationsof anentireskeletonunderdisplace-
ment,oursystemusestwo traditionaltechniques.It �rst handlesil-
lustrationof thekey poses(Section4.4)of themotioncapturedata,
joined by motion arrows generalizedfor displacements.Further-
more,wealsoillustratethesequenceof key foot steps(Section4.5).
Footstepssequenceis frequentfor certainmotions,suchasdancing
stepsor tacticalmaneuvers.

4.1 Motion Arr ows

Our motion arrows areappliedto representtwo rigid transforma-
tions: translationandrotation.Thesetransformationscansuccess-
fully representmostmotion capturemovements.Arrows areusu-



ally preferred[Goldmanet al. 2006] for their higherprecisionin
motionillustrationto cuessuchasstreaklinesor ghostlines[Collo-
mosseetal.2005],motionblur [Brostow andEssa2001;Kawagishi
etal. 2003],or dynamicshearing[Raskaretal. 2002].

To illustratea motion, the user�rst selectsa pose,for instanceat
time t i . He thenselectsthe level in themotionhierarchy at which
the illustration will be computed. In our examples,the highest
(mostdetailed)levelswereusuallypreferred,asthey convey more
informationfor detailedillustrationsof morecomplex (andinterest-
ing) motions.Eachskeletalnodeat this level will resultin at most
onemotionarrow illustration. This motionarrow spansthe entire
selectedsequencethatencompassest i , thatis all posesbetweenthe
previouskey poseandthenext key pose.

The decisionof representinga movementor not by an arrow, and
whetherto useatranslationor arotationarrow, is basedonananal-
ysis of the motion curve for the point at 
 in the local spaceof
its skeletalnode. Becausetranslationappearsto be predominant,
andcanevenreplacesomerotations,we �rst try to �t a translation
arrow to the motion curve. Our �tting criteria arebaseduponthe
total lengthof thecurve, its averagevelocity, andits averageaccel-
eration. We thereforefavor longerandfastermotion curves. For
rotationarrows,ourmethodusesthequaterniondataat theskeletal
node. Whena bone,or setof bonesrotatesaroundits orientation
axis(i.e., it rolls), themotioncurve for apointat 
 mightnotbring
satisfactoryresults. In sucha case,we extract the roll anglefrom
thequaternions.To do so,we computethe roll anglebetweenthe
two extremaquaternionsrecordedwithin thetwo key poses.

Illustration of motion arrows usessceneinformation displayed
throughthe motion curve. A translationarrow geometryapprox-
imatesthecompletemotioncurveover thesequenceby aquadratic
curve,throughleast-squareinterpolation.Wefoundthataquadratic
curve oftenconveys suf�cient motion information,while retaining
aestheticcharacteristicsand �e xibility for ef�cient display. Our
testswith curves of higher degreeswere much less conclusive.
Therotationarrow usesthequaternionat thecurrentposet i to re-
trieve thereferentialaxisaroundwhich thearrow is displayed.Our
methodcreatesacirculararcgeometrywhich illustratestheroll ro-
tation. Furthermore,thearc radiusis automaticallyadaptedto the
charactershape.Usingtheskeletalnode,we considerthemaximal
distancebetweentheboneaxisandtheskinnedgeometryasthearc
radiusfor our illustrations.Motion arrows have severalparameters
to controlthearrow shape(seeFigure4).

(a) (b)

Figure 4: Motion Arrows. (a) Thetranslationarrow is de�ned by
a quadratic curve. Thelocal color saturation indicatesthemotion
velocitiesalongtheillustratedsequence. Thearrowlengthdepends
on thelengthof illustrativecurve. (b) Therotationarrow is de�ned
by a portion of circle aroundthe featurednodereferential. Its arc
angle' is �xed to a defaultvaluebut canbe�ne-tunedby user. Its
radius� is dependenton the illustratedcharactergeometry. Body
width wc , headwidth wh , and headlength lh are parameters of
both typesof arrows. In our implementation,we �xed the values
such that4wc = 2wh = lh .

Ourmethodof illustrationensuresviewpoint robustnessonthemo-
tion arrow. Our methodmodi�es the orientationof the arrow's
bodyandheadso that its geometryis alwaysperpendicularto the
view direction,henceofferingmaximaldisplaycoveragetowardthe
viewer. To do so,we divide thearrow bodyinto a numberof short
segments.Eachsegmentis orientedalongits tangent.We evalu-
atethecrossproductbetweenthis directionandthecameralook-at
vector, whichde�nestheorientationfor thewidth dimensionof the
arrow segmentin 3D space.Nearcrossproductdegeneracies,we
�x the orientationof the arrow to the last calculatedvectorfor all
subsequentsegmentsin the arrow. We favor planardisplayof the
arrow headas it is the most representative part of the geometry.
Hence,arrow constructionstartsat theheadand�nishes at thetail.
Viewpoint robustnessconstraintsin our systemmake it impossible
to provide twisting freedomto arrow.

The arrow mustbe visible at all time in the illustration andthus,
mustnotbeoccludedby thecharacter'sgeometry. Weproceedwith
a two-passrenderingof theskeletoncharacterto enablegeometry
transparency, only whenit occludesanarrow. Thearrows are�rst
renderedin the stencil buffer. The characteris then renderedas
transparentwhenthestencil is 1 andopaquewhenthestencil is 0
(no arrow). Stroboscopiccharacters(Section4.3) arealwaysren-
deredastransparent.

4.2 Noise Waves

Noisewavesareusedto illustratesubtlemovementsin themotion
capturedata. A noisewave is a type of action line mostly used
in cartoonsto emphasizejiggly motions[Dony et al. 2005;Collo-
mosseet al. 2005; McCloud 1993]. This motion cueis therefore
not aboutprecision,but seeksto highlight movementsthat cannot
bewell illustratedthroughmotionarrows [Liu etal. 2005].

Again, assumeillustrationof a sequencefor a poseat time t i , at a
selectedlevel of themotionhierarchy, andat positionsde�ned by

 . Thiscreatesamotioncurve for eachskeletalnodeat this level.

We analyzeeachmotion curve separately, in global 3D space.
Noise waves will appearwhen the motion has a larger ampli-
tude thannoisy datath min in typical motion capturedata,but a
loweramplitudethanthosesubjectedto moreadvancedillustrations
th max , suchasmotionarrows(seeFigure5a).Thelengthof thedi-
agonald of theaxis-aligned3D boundingbox for themotioncurve
determinestheamplitudeof themotion.

(a) (b)

Figure 5: NoiseWaves.(a) Analysisfor noisewavesrefers to the
boundingboxof themotioncurveat timet i . Noisewavesare dis-
playedwhenth min < d < th max . (b) A noisewaveis illustrated
throughnw repetitionsof the character geometryoutline. A dis-
tanceof � separateseach outline. In our implementation,we�xed
thewaveline width to 1 pixel to reduceits visualimportance.

We simulatenoisewavesby renderingtheoutlineof thecharacter



geometrya numberof timeswith an increasingscalingfactor(see
Figure5b). To evaluatewhetherthewave is unidirectionalor bidi-
rectional,we computeapproximatedirectionsfor themotioncurve
beforeand after t i using least-square�tting. If the two portions
of the curve follow the samedirection, the motion is considered
unidirectionalandonly its associatedsideof thenoisewavesis dis-
played. Otherwise,the motion is consideredbidirectional. Simi-
larly to motionarrows, theappearanceof thenoisewavesadaptsto
theviewpoint. Wegraduallyerasethesenoisewaveswhenthewave
directionbecomesparallelto thelook-atvectorto avoid misleading
information.

4.3 Stroboscopic Motion

Stroboscopicillustration of an animationreplicatesseveral poses
of theanimationto reconstitutethemotionin a singlestaticimage
[Agarwala et al. 2004; Cutting 2002; McCloud 1993]. This par-
ticular representationof motion is widely usedin photography, in
drawings,andmorerecentlyin computergraphics.It holdsaneasy-
to-understandform withoutrequiringtechnicalsymbolsof any sort.
While stroboscopicmotion hassimilarities with motion blur, the
two motioncuesdo not convey thesamelevel of information.Mo-
tion blur usually�lters theimageby blendingcontinuousmotionto
producea basicemphasisof motion. It cannotreproduceaswell a
motiontrajectorycomposedby discretestroboscopicreplicates.

Our implementationof stroboscopicmotionsimply usesthedirect
informationfrom themotioncapturedatato draw with anincreas-
ing transparency term� , ns previousframesof thecurrentmotion
sequence.Theseframescanbeconsecutive in time,or separatedby
a givennumberof frames.Transparency is proportionalto a user-
de�ned value� 0 , which enablesto regulatethefadingeffect of the
stroboscopicmotion (seeFigure6). This approachdisplaysa dis-
cretizedsampleof posesthroughtime, that roughly approximates
thegeneralmotionin asingleillustration.

Figure 6: Stroboscopicmotionillustratespreviousmotionthrough
ns posesof increasingtransparency� . Using transparencyvalue
� 0 , transparencyfor previousframet i � j is de�nedas(� 0) j .

4.4 Key Poses Illustration

Illustration of key posescan help understandan animationas a
wholeby juxtaposingmultiple key posesof theanimationin a sin-
gle image[Assaet al. 2005]. However, it maybedif�cult to men-
tally link multiplekey posesto reconstructtheoriginalaction.Sim-
ilarly, displayinga fractionof all intermediateposesmaystill over-
loadtheresultingimage.Webuild onthework of Assaetal. [2005]
to detectkey poses,but apply our translationmotion arrows (see
Section4.1) to illustratemovementsbetweentheseposes(seeFig-
ure10).

Startingfrom anautomaticallycomputedsetof key poses,our sys-
temillustratestheintermediatemovementswith translationarrows
by analyzingthe information given by the skeletal animationin

time. Typically, becausewe mainly searchfor generalmovements
betweentwo key poses,we concentratetheanalysison the �rst or
secondlevels of motion hierarchy (seeFigure3), by applyingthe
methoddescribedin Section4.1. This time, we illustratea virtual
poseat time t i . This poseis comprisedbetweentwo key posesof
thesequencewhich de�ne themotioncurve for analysisandillus-
tration.

Thekey posesillustrationis naturallymoreeffective with spatially
well spread-outanimationssuchaswalkingandrunning.

4.5 Foot Sequence Illustration

A foot stepsequenceillustration highlights on the groundtraces
(prints) left by the feet throughthe animation.Sucha representa-
tion canhelpunderstandcomplex feetsequencesthatcouldbedif�-
cult to illustratewith othermotioncues.While moreprecisevisual
cuesexist in dancenotation,a foot stepsequenceholdsanintuitive
representationeasyto relateto [Hutchinson1984].Weproposethis
representationasapossibleextensionto our illustrationtechnique.

For this particularmotion cue,we make useof the researchmade
into foot plant retrieval in motioncaptureandenforcementto pre-
ventthewell-known foot skatingartifact[Glardonet al. 2006;Ko-
var et al. 2002]. We usethe motion hierarchy to retrieve the feet
of thecharacter, andidentify foot plantposes.A manualfoot plant
selectionis alsoavailableto �ne-tune thedesiredillustration.

For a particularfoot plant, we illustratethe footprint geometryin
2D on thegroundby aligning it with theskeletalfoot axisat time
t i . The footprintsassociatedwith 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 thenext one.
Finally, to improve theunderstandingof thesequence,numbersare
drawn on eachfootprint geometry, orientedwith the footprint (see
Figure11).

While ourclassicin-betweenarrow illustrationprovessuf�cient for
shortfoot stepsanimations,it maynotrespondaswell to longcom-
plex animations.Morework is still neededto reducethenumberof
overlappingfootprintsandarrows.

5 Results

We have presentedin the previous sectionsa setof methodsthat
enablerobust analysisandillustration of movementsfrom motion
capturedata.Weapplythesemethodsto variousexamplesof skele-
tal motion capturedata. Our methodsuccessfullyillustratescom-
plex motionfor asingleposeof animation(seeFigures1, 7, 8, and
9), or for multiple posescombinedin a singleimage(seeFigures
10and11).

To illustratehumanmotion capturedata,we usethe perceptually
basedmotionhierarchy proposedin Section3.1. Our examplesil-
lustratesubtlemotions,which requireto selectlevels2 or 3 in the
motioncapturehierarchy. We have not appliedany pre-processing
to the motion capturedatausedfor our results. Our methodcan
handlethe raw data,while theusermaymodify parametersof the
methodto his liking. Analysisandillustration of motion cuesare
fastenoughto enablemanipulationin realtime.

Figure7 illustratesin four imagesvariousstagesof an exercising
motion capturesequence.The characterperformsjumping jacks,
sidetwists,armrotations,andreachesfor his feet.No singleimage
could illustrateall thesemotions,but multiple imagesgive a good
temporalreconstitution.Weusedthesecondlevel of themotionhi-
erarchy for this animation.Our default illustrationsproducedgood



results,but we �ne-tunedsomeparametersto improve visualcues.
In the �rst image,we increasedthe valueof 
 to obtainmorecir-
cular arrows at the forearms. In the last image,we increasedthe
numberof key posesin motionanalysisto getlongermotioncurves
andtherefore,longerarrows. Such�ne-tuning only took about10
secondsandgave fast,intuitiveupdateof themotioncues.

Figure7: Anexercisingsequenceillustratedin four images.These
four images combinemotion arrows, stroboscopicmotion, and
noisewaves.

A weight-lifting sequenceis illustratedin two imagesin Figure8.
As lifting involvesmovementsof theforearm,weillustratethismo-
tion with thethird level of thehierarchy to obtainmoreprecisere-
sults. Notice thenoisewavesappendedto character's upperarms.
While thereis novisuallypresentmotion,thecharacterstrugglesto
lift theweights,thusinitiating subtledirectednoisewaves.

Figure 8: A weight-lifting sequenceillustrated in two images.
Thesetwo imagescombinemotionarrowsandnoisewaves.

Figure9 illustratesa characterjumpingforwardandkicking a ball
in two separateimages. Notice colors in the motion arrows ap-
pendedto the right leg of the characterin the two images. The
gradientemphasizesthedeclineof speedwhenthecharacterjumps
in the�rst imageandtheboostof speedat theendof the�nal kick
in thesecondimage.

Figure9: A soccerkick sequenceillustratedin twoimages.Motion
arrowsenhancedwith stroboscopicmotionwere suf�cient for this
animation.

Our key posesillustration in Figure10 shows an actionsequence
from anobstacle-avoidancewalk with eightdifferentposes.In this
image,the lengthof thearrows is setto half thedistancebetween
key poses.We increasedthedefault width to enhancearrow's visi-
bility. Motion arrowsareappendedonly wheretemporalcoherence
could be ambiguous.Our systemautomaticallydiscardedarrows
betweenthe�rst andsecondposes,andbetweenthelasttwo poses,
accordingto their lengthandmeanvelocity.

Figure10: Eightkey posesillustratethemovementsin anobstacle-
avoidancewalksequence.

Figure11 shows foot stepsillustration for a lambadadance. The
characterperformsasequenceof six steps,whichformsarepetitive
patternthroughoutthe animation. We reducedthe width for the
default arrows andtheir lengthsto �t a smallerrepresentationand
preventoverlappingthearrowsandfoot prints.

Figure1 shows four differentmotioncapturesequencesfor which
the motion is illustratedwithin a singlepose. The spin kick pose
(Figure1a)representsa characterspinningin mid-air while giving
a rotatingkick with his left leg. Thesemovementsare illustrated
respectively with two rotation arrows aroundthe torso and head,
anda longertranslationarrow nearthetip of theleg. Thepirouette
pose(Figure1b) illustratesacharacterspinningonhimself.Weuse
motionarrows to emphasizethespinningmotionon thecharacter's
torsoandtranslationarrows on botharms.Moreover, thecharacter
slideshis left foot andspinsstandingon his right foot. We respec-
tively emphasizethe prior motion with a translationarrow on the
right ankle and with a rotation arrow aroundthe left ankle. The
cartwheelpose(Figure1c) illustratesa charactertipping his body
over in awheelmotion.Weemphasizethetranslationmotionof the
character's legsby appendinglongcurvedarrows. Moreover, weil-



(a) (b)

Figure 11: Foot sequence. (a) Technical illustration of a lambada
dancesteps.This image washanddrawn and illustratescommon
conceptsfound in dancestepsrepresentation[Hutchinson1984].
(b) Our illustration for the samestepsusingmotioncapture data.
Theleft stepsare displayedin blue; the right in yellow. Numbers
and arrowsare appendedto the illustration to increasetemporal
sequence.

lustratethehandssubtlemotionwith noisewaves.While thehands
do not move, they slightly shift in the main movementdirection,
thusillustratedwith unidirectionalnoisewaves. Thebending-over
pose(Figure 1d) depictsa charactercrouchingto reacha virtual
objecton the ground. We illustrate the crouchingmotion with a
translationarrow on thecharacter's back. A secondmotionarrow
is appendedto thehandto indicateapicking-upmotion.

Table1 detailsthespeci�cationsfor theillustrationparametersused
for theteaserimages.

Sequence Parameters
Arrows Waves Strob.


 wc ' nw � ns � 0

Spinkick 0:65 0:60 160o � � 6 0:45
Pirouette 0:75 0:50 160o � � 4 0:30

Cartwheel 0:60 1:00 � 3 0:55 10 0:40
Bend-over 0:75 0:60 � 2 0:60 7 0:30

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

An accompanying video sequenceand additional illustrations
are available at the website associatedwith this paper from
www.iro.umontreal.ca/labs/infographie/papers. The video shows
actualmotioncapturesequencesthatwereusedin our illustrations.
It also demonstratesthe intuitive tuning of parameters,and real-
time display of our system. This can be very useful to get the
bestcameraangle,while thevariousillustrationsareautomatically
adaptedto the cameraposition. While we focusedin this paper
on a still imageillustrating motion, somesequencesof the video
show how thesystemcanbeusedin conjunctionwith theanimated
sequence.This canbevery usefulto bring specialattentionto par-
ticularmovements.

6 Conc lusion

6.1 Summar y

We have presentedan interactive systemfor illustrating various
movementsextractedfrom skeletalmotion capturedata,andrep-
resentthemin a single image. Our approachanalyzesthe move-
mentsat different levels of detail and appliesa numberof non-

photorealisticmotion cuesto illustrate the most importantmove-
ments. We have demonstratedthe illustrativenessof motion ar-
rows, noisewaves,andstroboscopicmotion. Moreover, we have
appliedour motioncuesto improve illustrationof movementscon-
veyedthroughautomaticallydetectedmultipleposes,aswell asau-
tomaticallydetectedmultiple foot steps.Our perceptuallysugges-
tive motioncuescanbring immediateunderstandingof motionsin
a limited static2D image.

Ourhierarchicalorganizationof thearticulated�gure appliedto the
movementsallow to isolate“illustrable” partsof themotioncapture
dataat differentlevelsof detail.This methodenablesa fastandef-
fective motionanalysis,aswell asmotionillustration,andrequires
no pre-processing.Finally, we introduceda limited setof param-
etersfor our motion. While the default valuesextractedfrom the
motion analysisare often satisfying, the real-timedisplay in our
systemallows for interactive �ne-tuning of the appearanceof the
motion cues,aswell asthe cameraposition. All updatesaredis-
playedin realtime,appropriatelyorientedwith respectto thecam-
era.

6.2 Future Work

Ourshorttermgoalincludestheextensionto anumberof othermo-
tion cues,suchasspeedlinesandmotionblur, thusincreasingthe
realmof artisticexpressionsin oursystem.Wealsoplanonimprov-
ing our motionanalysistools for robustnessandbetterrecognition
of behaviors andpatternsin motions. They would improve auto-
maticselectionof thepose(s),motioncuesandtheirdefaultvalues,
aswell aspreferredcamerapositions.A thoroughuserevaluation
of oursystemwouldalsohelpde�ne precisevaluesfor motioncues
parameters.

Our long term goal is to automaticallyrecognizespeci�c move-
mentsfrom a database,andapplythemostappropriatehigh or low
level motioncuesfor thedesiredtypeof illustrations.Thiscouldin-
cludeillustratingdifferentmotionsin ballet,martialarts,andother
high-precisionsportsor arts. A possibleextensionwould thenbe
to �nd signi�cant differencesbetweenmotionsfrom a professional
anda learner, thusillustratingthemostimportantdifferencesin or-
derto improve thelearner's skills.
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