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Visual Signatures in Video Visualization
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Abstract — Video visualization is a computation process that extracts meaningful information from original video data sets and
conveys the extracted information to users in appropriate visual representations. This paper presents a broad treatment of the
subject, following a typical research pipeline involving concept formulation, system development, a path-�nding user study, and a
�eld trial with real application data. In particular, we have conducted a fundamental study on the visualization of motion events in
videos. We have, for the �rst time, deployed �o w visualization techniques in video visualization. We have compared the effectiveness
of different abstract visual representations of videos. We have conducted a user study to examine whether users are able to learn
to recognize visual signatures of motions, and to assist in the evaluation of different visualization techniques. We have applied our
understanding and the developed techniques to a set of application video clips. Our study has demonstrated that video visualization is
both technically feasible and cost-effective. It has provided the �rst set of evidence con�r ming that ordinary users can be accustomed
to the visual features depicted in video visualizations, and can learn to recognize visual signatures of a variety of motion events.

Index Terms —Video visualization, volume visualization, �o w visualization, human factors, user study, visual signatures, video pro-
cessing, optical �o w, GPU rendering.
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1 INTRODUCTION

A videois a pieceof orderedsequentialdata,andviewing videosis a
time-consumingandresource-consumingprocess.Videovisualization
is a computationprocessthat extractsmeaningfulinformation from
originalvideodatasetsandconveys theextractedinformationto users
in appropriatevisualrepresentations.Theultimatechallengeof video
visualizationis to provide userswith a meansto obtain a suf�cient
amountof meaningfulinformationfrom oneor a few staticvisualiza-
tions of a video usingO(1) amountof time, insteadof viewing the
video usingO(n) amountof time wheren is the lengthof the video.
In otherwords,canweseetimewithoutusingtime(i.e., showingand
viewing imagesin sequence)?

Video datais a type of 3D volumedata. Similar to visualization
of spatial3D datasets,onecanconstructa visual representationby
selectively extractingimportantinformationfrom a videovolumeand
projectingit ontoa 2D view plane.However, in many traditionalap-
plications(e.g.,medicalvisualization),theusersarenormallyfamiliar
with the3D objects(e.g.,bonesor organs)depictedin a visual repre-
sentation.In contrast,humanobserversarenot familiar with the 3D
objectsdepictedin avisualrepresentationof avideobecauseonespa-
tial dimensionof theseobjectsshows the temporaldimensionof the
video. The problemis further complicatedby the fact that, in most
videos,each2D frameis theprojective view of a 3D scene.Hence,a
visual representationof a videoon a computerdisplayis, in effect, a
2D projectiveview of a4D spatiotemporaldomain.

Depictingtemporalinformationin a spatialgeometricform (e.g.,a
graphshowing theweightchangeof a personover a period)is anab-
stractvisual representationof a temporalfunction. We thereforecall
the projective view of a video volumean abstract visual representa-
tion of a video, which is alsoa temporalfunction. Consideringthat
theeffectivenessof abstractrepresentationsis well-acceptedin many
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applications,it is morethaninstinctively plausibleto exploretheuse-
fulnessof video visualization,for which Daniel andChenproposed
thefollowing threehypotheses[6]:

1. Videovisualizationis an(i) intuitiveand(ii) cost-effectivemeans
of processinglargevolumesof videodata.

2. Well constructedvisualizationsof avideoareableto show infor-
mation that numericalandstatisticalindicators(and their con-
ventionaldiagrammaticillustrations)cannot.

3. Userscan becomeaccustomedto visual featuresdepictedin
videovisualizations,or betrainedto recognizespeci�c features.

Themainaimof thiswork is to evaluatethesehypotheses,with afocus
onvisualizingmotioneventsin videos.Ourcontributionsinclude:

� We have, for the �rst time, consideredvideo visualizationasa
�o w visualizationproblem,in additionto volumevisualization.
Wehavedevelopedatechnicalframework for constructingscalar
andvector�elds from a video,andfor synthesizingabstractvi-
sual representationsusing both volume and �o w visualization
techniques.

� We have introducedthe notion of visual signature for symbol-
izing abstractvisual featuresthat depict individual objectsand
motion events. We have focusedour algorithmicdevelopment
anduserstudyon the effectivenessof conveying andrecogniz-
ing visualsignaturesof motioneventsin videos.

� Wehavecomparedtheeffectivenessof four differentabstractvi-
sualrepresentationsof motionevents,includingsolidandbound-
ary representationsof extractedobjects,differencevolumes,and
motion�o wsdepictedusingglyphsandstreamlines.

� We have conducteda userstudy, resultingin the �rst setof ev-
idencefor supportinghypothesis(3). In addition,thestudyhas
providedaninterestingcollectionof �ndings thatcanhelpusun-
derstandthe processof visualizingmotion eventsthroughtheir
abstractvisualrepresentations.

� Wehaveappliedourunderstandingandthedevelopedtechniques
to a setof real videoscollectedasbenchmarkingproblemsin a
recentcomputervision project [10]. This hasprovided further
evidenceto supporthypotheses(1) and(2).

2 RELATED WORK

Althoughvideovisualizationwas�rst introducedasa new technique
andapplicationof volumevisualization[6], it in fact reachesout to
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a numberof otherdisciplines. The work presentedin this paperre-
latesto videoprocessing, volumevisualization, �ow visualization, and
humanfactors in motionperception.

Automatic video processingis a researcharearesiding between
two closelyrelateddisciplines,imageprocessingandcomputervision.
Many researchersstudiedvideo processingin the context of video
surveillance (e.g., [4, 5]), and video segmentation(e.g., [18, 24]).
While suchresearchanddevelopmentis no doubthugely important
to many applications,theexisting techniquesfor automaticvideopro-
cessingarenormallyapplication-speci�c,andaregenerallydif�cult to
adaptthemselvesto differentsituationswithoutcostlycalibration.

The work presentedin this papertakesa differentapproachfrom
automaticvideoprocessing.As outlinedin [25], it is intendedto `take
advantageof thehumaneye'sbroadbandwidthpathway into themind
to allow usersto see,explore,andunderstandlargeamountsof infor-
mationat once',andto `convert con�icting anddynamicdatain ways
thatsupportvisualizationandanalysis'.

A numberof researchershave noticedthe structuralsimilarity be-
tweenvideodataandvolumedatacommonlyseenin medicalimaging
andscienti�c computation,andhave exploredtheavenueof applying
volumerenderingtechniquesto solid videovolumesin thecontext of
visual arts[9, 12, 15]. Daniel andChen[6] approachedthe problem
from theperspective of scienti�c visualization,anddemonstratedthat
videovisualizationis potentiallyanintuitive andcost-effective means
of processinglargevolumesof videodata.BennettandMcMillan [1]
alsodemonstratedthata spatiotemporalvideovolumecanbeusedto
aid theprocessof videoediting.

Flow visualizationis anotherimportantareain scienti�c visualiza-
tion [16, 20,26]. Thereexist severaldifferentstrategiesto displaythe
vector �eld associatedwith a �o w. Oneapproachusedin this paper
relieson glyphsto show thedirectionof a vector�eld at a collection
of samplepositions. Typically, arrows are employed to encodedi-
rectionvisually, leadingto hedgehogvisualizations[7, 14]. Another
approachis basedon thecharacteristiclines,suchasstreamlines,ob-
tainedby particletracing.A majorproblemof 3D �o w visualizationis
thepotentiallossof visual informationdueto mutualocclusion.This
problemcanbeaddressedby improving theperceptionof streamline
structures[13] or by appropriateseeding[11].

In humans,just asin machines,visual informationis processedby
capacityandresourcelimited systems.Limitationsexist bothin space
(i.e., the numberof items to which we canattend)[21] and in time
(i.e.,how quickly wecandisengagefrom oneitemto processanother)
[19, 22]. Several recentlines of researchhave shown that in dealing
with complex dynamicstimuli theselimitations can be particularly
problematic[3]. For example, the phenomenaof changeblindness
[23] and inattentionalblindness[17] both show that relatively large
visualeventscango completelyunreportedif attentionis misdirected
or overloaded.In any applicationwheremultiple sourcesof informa-
tion mustbemonitoredor arraysof complex displaysinterpreted,the
additionalloadassociatedwith motionor change(i.e. theneedto in-
tegrateinformationover time) couldgreatlyincreaseoverall taskdif-
�culty . Visualizationtechniquesthatcanreducetemporalloadclearly
have importanthumanfactorsimplications.

3 CONCEPTS AND DEFINITIONS

A videoV is anorderedsetof 2D imageframesf I1; I2; : : : ; Ing. It is a
3D spatiotemporaldataset,usuallyresultingfrom adiscretesampling
processsuchas �lming andanimation. The main perceptualdiffer-
encebetweenviewing a still imageanda video is thatwe areableto
observe objectsin motion(andstationaryobjects)in a video. For the
purposeof maintainingthegeneralityof our formalde�nitions, we in-
cludemotionlessnessasa typeof motionin thefollowing discussions.

Let mbeaspatiotemporal entity, whichis anabstractstructureof an
objectin motionandencompassesthechangesof avarietyof attributes
of the object including its shape,intensity, color, texture,positionin
eachimage,andrelationshipwith otherobjects.Hencethe ideal ab-
stractionof a videois to transformit to a collectionof representations
of suchentitiesf m1;m2; : : : ;mkg.

Video visualizationis therebya function, F : V ! I , that mapsa
video V to an imageI , whereF is normally realizedby a computa-
tional process,andthe mappinginvolves the extractionof meaning-
ful informationfrom V andthecreationof a visualizationimageI as
anabstractvisual representationof V. Theultimatescienti�c aim of
video visualizationis to �nd functionsthat cancreateeffective visu-
alizationimages,from which userscanrecognizedifferentspatiotem-
poralentitiesf m1;m2; : : : ;mkg `atonce'.

A visual signature V (m) is a groupof abstract visual featuresre-
latedto a spatiotemporalentity m in a visualizationimageI , suchthat
userscanidentify theobject,themotion,or bothby recognizingV (m)
in I . In many ways,it is notionallysimilar to a handwrittensignature
or a signaturetune in music. It may not necessarilybe uniqueand
it mayappearin differentformsanddifferentcontext. Its recognition
dependsonthequalityof thesignatureaswell astheuser'sknowledge
andexperience.

4 TYPES OF VISUAL SIGNATURES

Given a spatiotemporalentity m (i.e., an object in motion), we can
constructdifferentvisualsignaturesto highlight differentattributesof
m. As mentionedin Section3,mencompassesthechangesof avariety
of attributesof the object. In this work, we focuson the following
time-varyingattributes:(i) theshapeof theobject,(ii) thepositionof
theobject,(iii) theobjectappearance(e.g.,intensityandtexture),(iv)
thevelocityof themotion.

Considerananimationvideoof a simpleobjectin a relatively sim-
ple motion. As shown in Fig. 1(a), the main spatiotemporalentity
containedin thevideois atexturedspheremoving upwardsanddown-
wardsin aperiodicmanner.

To obtainthe time-varying attributesaboutthe shapeandposition
of the objectconcerned,we canextract the objectsilhouettein each
framefrom thebackgroundscene.We canalsoidentify theboundary
of the silhouette,which to a certainextent conveys the relationship
betweentheobjectandits surroundings(in this simplecase,only the
background).Fig. 1(b) and (c) show the solid and boundaryrepre-
sentationsof a silhouette. To characterizethe changesof the object
appearance,we cancomputethedifferencebetweentwo consecutive
frames,andFig. 1(d)givesanexampledifferenceimage.We canalso
establisha2D motion�eld to describethemovementof theobjectbe-
tweeneachpair of consecutive frames,asshown in Fig. 1(e). There
is a very large collectionof algorithmsfor obtainingsuchattributes
in the literature,andwe will brie�y describeour implementationin
Section6.

Compiling all silhouetteimagesinto a singlevolumeresultsin a
3D scalar�eld that we call an extractedobject volume. Similarly,
we obtainanobjectboundaryvolumeanda differencevolume, which
arealso in the form of 3D scalar�elds. The compilationof all 2D
motion �elds in a singlevolumetricstructuregivesus a motion�ow
in the form of a 3D vector �eld. Given theseattribute �elds of the
spatiotemporalentitym, wecannow considerthecreationof different

(a) � ve frames(No.: 0, 5, 10,15,20)selectedfrom avideo

(b) silhouette (c) boundary (d) difference (e)motion�o w

Fig. 1. Selected frames of a simple up-and-down motion, depicting the
�rst of the �v e cycles of the motion, together with examples of its at-
tributes associated with frame 1.
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(a)TypeA: silhouettehull (b) TypeB: 4-banddifferencevolume (c) TypeC: motion�o w with glyphs (d) TypeD: motion�o w with streamlines

Fig. 2. Four types of visual signatures of an up-and-down periodic motion given in Fig. 1.

visualsignaturesfor m.
One can �nd numerousways to visualize such scalarand vec-

tor �elds individually or in a combinationalmanner. Without over-
complicatingtheuserstudyto bediscussedin Section5, we selected
four typesof visualizationfor representingvisual signatures.Each
type of visual signaturehighlightscertainattributesof the object in
motion,andre�ects thestrengthof a particularvolumeor �o w visu-
alizationtechnique.All four typesof visualizationcanbesynthesized
in realtime,for whichwewill outlinethetechnicalframework in Sec-
tion 6. For thefollowing discussions,wechosethehorseshoeview [6]
astheprimaryview representation.In comparisonwith conventional
viewing angles,it placesfour facesof a volume,including the start-
ing and�nishing frames,in a front view. It alsofacilitatesrelatively
morecost-effective useof a rectangulardisplayarea,andconveys the
temporaldimensiondifferentlyfrom thetwo spatialdimensions.

4.1 Type A: Temporal Silhouette Extrusion

This typeof visualsignaturedisplaysa projective view of thetempo-
ral silhouettehull of the object in motion. Steadyfeatures,suchas
background,are �ltered away. Fig. 2(a) shows a horseshoeview of
the extractedobjectvolumefor the video mentionedin Fig. 1. The
temporalsilhouettehull, which is displayedasanopaqueobject,can
beseenwiggling upanddown in aperiodicmanner.

4.2 Type B: 4-Band Diff erence Volume

Differencevolumesplayedanimportantrole in [6], whereamorphous
visualfeaturesrenderedusingvolumeraycastingsuccessfullydepicted
somemotioneventsin their applicationexamples.However, their use
of transferfunctionsencodedvery limited semanticmeaning.For this
work, we designeda specialtransferfunction thathighlightsthemo-
tion andthe temporalchangeof a silhouette,while usinga relatively
smalleramountof bandwidthto convey thechangeof objectappear-
ance(i.e., intensityandtexture).

Considertwo exampleframesandtheir correspondingsilhouettes,
Oa andOb in Fig. 3(a) and(b). We classifypixels in the difference
volumeinto four groupsasshown in 3(c), namely(i) background(62
Oa ^ 62Ob), (ii) new pixels (62Oa ^ 2 Ob), (iii) disappearingpixels
(2 Oa ^ 62Ob), and(iv) overlappingpixels(2 Oa^ 2 Ob). Theactual
differencevalueof eachpixel, which typically resultsfrom a change
detection�lter , is mappedto oneof the four bandsaccordingto the
groupthat thepixel belongsto. This enablesthedesignof a transfer
function that encodessomesemanticsin relation to the motion and
geometricchange.

For example,Fig. 2(b) wasrenderedusingthetransferfunction il-
lustratedin Fig. 3(d), which highlightsnew pixels in nearly-opaque
red anddisappearingpixels in nearly-opaqueblue, while displaying
overlappingpixels in translucentgrayandleaving backgroundpixels
totally transparent.Sucha visual signaturegivesa clear impression
that the object is in motion, and to a certaindegree,providessome
visualcuesto velocity.

4.3 Type C: Motion Flow with Glyphs

In many video-relatedapplications,therecognitionof motionis more
importantthanthatof anobject.Henceit is bene�cial to enhancethe
perceptionof motion by visualizingthe motion �o w �eld associated
with avideo.Thistypeof visualsignaturecombinestheboundaryrep-
resentationof atemporalsilhouettehull with arrow glyphsshowing the
directionof motionat individual volumetricpositions.It is necessary

(a) framesIa andIb (b) silhouettesOa andOb

(c) 4 semanticbands (d) colormapping

Fig. 3. Two example frames and their corresponding silhouettes. Four
semantic bands can be determined using Oa and Ob, and an appropriate
transfer function can encode semantic meaning according to the bands.

to determineanappropriatedensityof arrows,astoomany wouldclut-
teravisualsignature,or too few would leadto substantialinformation
loss. We therebyusea combinationof parametersto control theden-
sity of arrows, which will bediscussedin Section6. Fig. 2(c) shows
a Type C visual signatureof a spherein an up-and-down motion. In
this particularvisualization,colorsof arrows arechosenrandomlyto
enhancethedepthcueof partiallyoccludedarrowsby improving their
visualcontinuity.

Notethat thereis a majordifferencebetweenthemotion�o w �eld
of a video andtypical 3D vector �elds consideredin �o w visualiza-
tion. In a motion �o w �eld, eachvectorhastwo spatialcomponents
andonetemporalcomponent.The temporalcomponentis normally
set to a constantfor all vectors. We experimentedwith a rangeof
differentconstantsfor thetemporalcomponent,andfoundthata non-
zeroconstantwould confusethe visual perceptionof the two spatial
componentsof thevector. We therebychoseto setthetemporalcom-
ponentsof all vectorsto zero.

4.4 Type D: Motion Flow with Streamlines

Thevisibility of arrow glyphsrequiresthemtobedisplayedin acertain
minimum size,which often leadsto the problemof occlusion. One
alternativeapproachis to usestreamlinesto depictdirectionof motion
�o w. However, becauseall temporalcomponentsin the motion �o w
�eld areequalto zero,eachstreamlinecanonly �o w within the x-y
planewherethe correspondingseedresides,andit seldom�o ws far.
Hencethereis often a denseclusterof short streamlines,making it
dif�cult to usecolor for directionindication.

To improve thesenseof motionandtheperceptionof direction,we
mappeda zebra-like dichromatictexture to the line geometry, which
movesalongtheline in the�o w direction.Althoughthiscannolonger
beconsideredstrictly asa staticvisualization,it is not in any way try-
ing to recreateananimationof theoriginalvideo.Thedynamicsintro-
ducedis of a �x ed numberof steps,which areindependentfrom the
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lengthof a video. Thetime requirementfor viewing sucha visualiza-
tion remainsto beO(1). Fig. 2(d)showsastaticview of suchavisual
signature.The perceptionof this type of visual signaturesnormally
improveswhenthesizeandresolutionof thevisualizationincreases.

5 A USER STUDY ON VISUAL SIGNATURES

Thediscussionsin theprevioussectionsnaturallyleadto many scien-
ti�c questionsconcerningvisualsignatures.Thefollowingsarejust a
few examples:

� Canusersdistinguishdifferent typesof spatiotemporalentities
(i.e., typesof objectsand typesof motion individually and in
combination)from their visualsignatures?

� If theanswerto theabove is yes,how easyis it for anordinary
userto acquiresuchanability?

� Whatkind of attributesaresuitableto befeaturedor highlighted
in visualsignatures?

� What is the mosteffective designof a visual signature,and in
whatcircumstances?

� Whatkind of visualizationtechniquescanbeusedfor synthesiz-
ing effectivevisualsignatures?

� How would thevariationsof cameraattributes,suchasposition
and�eld of view, affect visualsignatures?

� How would therecognitionof visualsignaturesscalein propor-
tion to thenumberof spatiotemporalentitiespresent?

Almostall of thesequestionsarerelatedto thehumanfactorsin vi-
sualizationandmotionperception.Thereis no doubtthatuserstudies
mustplay a part in our searchfor answersto thesequestions.As an
integral partof this work, we conducteda userstudyon visualsigna-
tures.Becausethisis the�rst userstudyonvisualsignaturesof objects
in motion,we decidedto focusour studyon the recognitionof types
of motion.We thereforesetthemainobjectivesof thisuserstudyas:

1. to evaluatethehypothesisthatuserscanlearnto recognizemo-
tionsfrom their visualsignatures.

2. to obtaina setof datathatmeasuresthedif�culties andtime re-
quirementsof a learningprocess.

3. to evaluatethe effectivenessof the above-mentionedfour types
of visualsignatures.

5.1 Types of Motion

As mentionedbefore,anabstractvisualrepresentationof avideois es-
sentiallya2D projectiveview of our4D spatiotemporalworld. Visual
signaturesof spatiotemporalentitiesin real life videoscanbe in�u-
encedby numerousfactorsandappearin variousforms. In orderto
meetthe key objectivesof the userstudy, it wasnecessaryto reduce
thenumberof parametersto beexaminedin thisscienti�c process.We
usedsimulatedmotionswith thefollowing constraints:

� All videosfeatureonly onesphericalobjectin motion. Theuse
of a sphereminimizesthevariationsof visual signaturesdueto
camerapositionsandperspectiveprojection.

� In eachmotion,thecenterof thesphereremainsin thesamex-y
plane,which minimizesthe ambiguitycausedby the changeof
objectsizedueto perspectiveprojection.

� Sincethemotionfunctionis known, wecomputedmostattribute
�elds analytically. This is similar to an assumptionthat the
sphereis perfectlytexturedandlit, andwithout shadows,which
minimizesthe errorsin extractingattribute �elds usingchange
detectionandmotionestimationalgorithms.

Weconsiderthefollowing seventypesof motion:

1. MotionCase1: Nomotion— in whichthesphereremainsin the
centerof theimageframethroughoutthevideo.

2. Motion Cases2-9: Scaling— in which theradiusof thesphere
increasesby 100%,75%,50%and25%,anddecreasesby 25%,
50%,75%and100%respectively.

3. Motion Cases 10-25: Translation — in which the sphere
moves in a straight line in eight different directions (i.e.,
0� ;45� ;90� ; : : : ;315� ) andtwo differentspeeds.

4. Motion Cases26-34: Spinning— in which the sphererotates
aboutthe x-axis, y-axis and z-axis, without moving its center,
with 1, 5 and9 revolutionsrespectively.

5. Motion Cases35, 38, 41: Periodic up-and-downtranslation—
in which thespheremovesupwardsanddownwardsperiodically
in threedifferentfrequencies,namely1, 5 and9 cycles.

6. Motion Cases36, 39, 42: Periodic left-and-righttranslation—
in which thespheremovestowardsleft andright periodicallyin
threedifferentfrequencies,namely1, 5 and9 cycles.

7. Motion Cases37, 40, 43: Periodic rotation — in which the
sphererotatesaboutthe centerof the imageframeperiodically
in threedifferentfrequencies,namely1, 5 and9 cycles.

The �rst four typesareconsideredto beelementarymotions. The
last threearecompositemotionswhich canbedecomposedinto a se-
riesof simpletranslationmotionsin smallertime windows. Five ex-
amplesmotion casesandtheir visual signaturescanbe found in the
accompanying materials.

We did considerto includeothercompositemotions,suchas the
periodicscaling,andcombinedscaling,translationandspinning,but
decidedto limit thetotalnumberof casesin ordertoobtainanadequate
numberof samplesfor eachcasewhile controlling the time spentby
eachobserver in thestudy. We alsomadea consciousdecisionnot to
includecomplex motionssuchasdeformation,shearingandfold-over
in thisuserstudy.

5.2 The Main User Stud y

Participants. 69 observers (23 female,46 male) from the student
communityof SwanseaUniversity took part in this study. All ob-
servershadnormal,or correctedto normal,vision andweregiven a
£2 book vouchereachasa small thank-yougesturefor their partic-
ipation. Data from two participantswereexcludedfrom analysisas
their responsetimesweremorethan3 standarddeviationsoutsideof
the mean. Thus,datafrom 67 (22 female,45 male)observerswere
analyzed.
Tasks. Theuserstudywasconductedin 14sessionsoverathreeweek
period. Eachsession,which involved4 or 5 observers,startedwith a
25 minutesoral presentation,given by oneof the co-authorsof this
paper, with theaidof a setof pre-writtenslides.Thepresentationwas
followedby a test,typically takingabout20 minutesto complete.A
pieceof interactive softwarewasspeciallywritten for structuringthe
testaswell ascollectingtheresults.

Thepresentationprovidedanoverview of thescienti�c background
andobjectivesof this userstudy, andgave a brief introductionto the
four typesof visualsignatures,largely in theterminologyof a layper-
son(seeaccompanying materials).It outlinedthestepsof thetest,and
highlightedsomepotentialdif�culties andmisunderstandings.As part
of a learningprocess,a total of 10 motionsand11 visual signatures
wereshown asexamplesin theslides.

The test was composedof 24 trials. On eachtrial, the observer
was presentedwith between1 and 4 visual signaturesof a motion.
As shown in Fig. 4(a),thetaskwasto identify theunderlyingmotion
patternby selectingfrom the4 alternativeslistedat thebottomof the
screen.Both the speedandthe accuracy of this responseweremea-
sured.As observerswereallowedto correctinitial responses,the�nal

(a) identifyingmotionpatterns (b) feedbackandevaluation

Fig. 4. Example screenshots of the main two tasks for each trial.
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reactiontime was taken from the point when they proceededto the
next partof thetrial.

Thesecondpartof the trial wasdesignedto provide feedbackand
trainingfor theobserversto increasethelikelihoodof learning.It also
provideda measureof subjective utility, that is, how usefulobservers
foundeachtypeof visualsignature.In thispart,theunderlyingmotion
clip wasshown in full togetherwith all four typesof visualsignatures
(Fig.4(b)). Thetaskwasto indicatewhichof thefour visualsignatures
appearedto provide themostrelevant information. No responsetime
wasmeasuredin thispart.

At theendof theexperiment,observerswerealsoaskedto provide
anoverall usefulnessratingfor eachtypeof visualsignature.A rating
scalefrom 1 (least)to 5 (most)effectivewasused.

Design. The 24 trials in eachtestwereblocked into 4 equallearn-
ing phases(6 trials per phase)in which the amountof available in-
formationwasvaried. In theinitial phaseall 4 visualsignatureswere
presented,providing the full rangeof information. In eachsucces-
sive phase,the numberof available representationswas reducedby
one,sothat in the�nal phaseonly onevisualsignaturewasprovided.
This �x ed orderwas imposedso that observerswould receive suf�-
cienttrainingbeforebeingpresentedwith minimuminformation.For
eachobserver a randomsub-setof the 43 motion caseswasselected
andrandomlyassignedto the 24 experimentaltrials. For eachcase,
the 4 possibleoptionswere�x ed. The positionof optionswashow-
ever randomizedon the screenon an observer by observer basisto
minimizesimpleresponsestrategies.

5.3 The Supplementar y User Stud y

Sincethenumberof visualsignaturesavailablein themainuserstudy
decreasedfrom one phaseto another, it may be dif�cult to know
whetherchangesin the overall accuracy andresponsetimesdirectly
re�ect learning.To addressthis issue,we conducteda supplementary
userstudy, wheretwo visual signatures,TypesB andC, weremade
available throughoutthe 24 trials. It wasorganizedin a sameman-
nerasthemainstudy, andinvolved40observers(14female,26male).
Amongthem,17alsotookpartin themainuserstudy, hencehadsome
experienceof video visualization,with a time lapseof 4-5 months.
Theother23were�rst-time observers,with nopreviousexperiencein
videovisualization.

5.4 Results and Remarks

Analysisof Variance (ANOVA) was usedto explore differencesbe-
tweenthreeor moremeans,andt-testswereusedto directly compare
two means.By convention,F andt valuesindicatetheratio between
effectsof interestandrandomnoiseusingspeci�c probabilitydistribu-
tions.Theprobabilityp of obtainingF or t values,giventhestatistical
degreesof freedomindicatedin parentheses,is also provided, with
valueslessthan0.05consideredunlikely to occurby chancealone.
Motion Types. Table1 givesthemeanaccuracy (in percentage)and
responsetime(in second)in relationto motiontypes.Therewereclear
differencesbetweenthe typesof motion, both in termsof accuracy
(F(4;264) = 34:5,MSE = 5, p< 0:001),andspeed(F(4;264) = 12:6,
MSE = 118,p < 0:001).

The scaling condition gave rise to the highestaccuracy, clearly
showing thatpositive identi�cation of motion is possiblefrom visual
signatures.Post-hocanalysisshowed that this conditiondid not lead
to betterperformancethanthetrivial staticcase,but performancewas
reliably higher than the other threemotion types(all have t > 6:0,
p < 0:001).

Accuracy levelsfor thetranslationalmotions,includingtheelemen-
tary motion in onedirection,andcombinationalmotionwith periodi-
cal changeof directionsdid not differ from eachother, but wereboth
signi�cantly above thosefor spinningmotion(t > 2:8, p < 0:01).

The dif�culty in recognizingspinningmotion appearsto arisebe-
causetheprojectionof thespherein motionmaintainsthesameout-
line andpositionthroughoutthe motion. For example,the temporal
silhouettehull of Motion Case31,which is aspinningmotion,is iden-
tical to thatof Motion Case1, which is motionless(seeaccompanying

Table 1. Mean accuracy and response time related to motion types.
Numbers in parentheses are standard errors (se) of the means.

Accuracy (%) Responsetime (second)

Static 81.2 (4) 19.8 (2)
Scaling 90.3 (2) 13.6 (1)
Translation 66.7 (3) 23.8 (1)
Spinning 49.4 (3) 24.8 (1)
Periodic 62.2 (3) 24.4 (2)

Table 2. Mean accuracy and response time in each phase. The
mean values are listed separately for the main user study, the �rst- and
second-time groups in the supplementary user study. The standard er-
rors (se) of the means listed are all between 1 and 2.

Accuracy (%) Responsetime (second)
main sup-1 sup-2 main sup-1 sup-2

Phase1 66.7 68.1 75.5 30.8 24.7 26.7
Phase2 70.0 74.6 76.5 22.2 18.9 19.4
Phase3 72.0 74.3 82.4 17.5 12.0 16.9
Phase4 63.0 71.7 78.4 13.4 11.2 10.8
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Fig. 5. The decreasing trend of the mean response time of each trial in
both user studies.

materials).This rendersTypeA visualsignaturetotally ineffective in
differentiatingany spinningmotionfrom themotionlessstate.

Responsetimes,computedonly for correcttrials,followedasimilar
pattern. Here,however, scalingmotion did give rise to signi�cantly
betterperformancethanthe staticcase(t(114) = 3:1, p < 0:001), in
additionto theotherthreemoving cases.No othercomparisonswere
signi�cant.
Phases. Table 2 gives the meanaccuracy (in percentage)and re-
sponsetime (in second)in eachof thefour phases.Althoughthesup-
plementarystudywasnotdividedinto speci�c phases,wegroupedthe
datainto 4� 6 trials for comparisonpurposes.

In themainuserstudy, accuracy levelschangedsigni�cantly across
thefourphases(F(3;198) = 2:9,MSE = 3:7, p< 0:05). While thereis
aclearlyincreasingtrendacrossthe�rst 3 phases,thismaineffectap-
pearsto beduemoreto the�nal dropbetweenphases3 and4, theonly
pair of meansto differ signi�cantly (t(132) = 2:23, p < 0:05). This
drop may be dueto the reductionof the numberof visual signatures
to only onein Phase4. A singlevisualsignatureis oftenambiguous,
for example,spinningandstaticcasessharethe sameType A visual
signaturein our userstudies,so this could have in�ated error rates.
Anotherpossibility is the lack of a con�rmation processbasedon a
secondvisualsignature.

We shouldnote,however, thata similar trendcanalsobeobserved
in the supplementarystudy, whereTypesB andC visual signatures
were available throughoutthe session. Here, though, therewas no
main effect of phase.It seemspossiblethat the generallyhigh level
of performancein bothof theuserstudiesmaywell bemaskingmore
subtlelearningeffects in termsof accuracy. Secondtime observers
(mean= 78%,se= 2:6) performedslightly betterthan�rst time ob-
servers(mean= 72%,se= 2:8). Althoughthisdifferencedidnotreach
statisticalsigni�cance, the trend towardshigherperformanceis still
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Fig. 6. The mean accuracy (with standard errors), measured in each of
the four phases, categorized by the types of motion.
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Fig. 7. The mean response time (with standard errors), measured in
each of the four phases, categorized by the types of motion.
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Fig. 8. The relative preference of each type of visual signature, pre-
sented in the percentage term, and categorized by the types of motion.
The overall preference is also given.

encouraging.Any improvement,after a singleprior exposuredating
backseveralmonths,canprovide somemotivation to furtherexplore
long-termlearningeffectsin thiscontext.

In termsof responsetime, the story is muchcleaner. In the main
userstudytherewasacleareffectof phase(F(3;198) = 43:5, MSE =
97:8, p < 0:001),which takestheform of a consistentlineardecrease
(F(1;198) = 121:6, MSE = 97:8, p < 0:001). Importantly, exactly
the samepatternis presentin the supplementarystudy, with a main
effect of phase(F(3;114) = 35:2, MSE = 45:1, p < 0:001), driven
by a lineardecreasein responsetime (F(1;114) = 103,MSE = 45:1,
p < 0:001). Thus,within thespaceof a singleexperiment,observers
improve theirperformanceevenwhenthenumberof responseoptions
remainsconstant.Therewereno othersigni�cant responsetime ef-
fectsin thesupplementarystudy. Figure5showsthisdescreasingtrend
over the24 trials for bothuserstudies.

For the main study, Fig. 6 shows the accuracy in relationto each
typeof motionin eachphase.Wecanobservethatthespinningmotion
seemsto bene�t morefrom having multiplevisualsignaturesavailable
at the sametime. The noticeabledecreaseof the numberof positive
identi�cation of the motionlessevent in Phase3 may alsobe caused
by the dif�culties in differentiatingit from spinning. Fig. 7 shows a
consistentreductionof responsetime for all typesof motion.
Preference . Fig. 8 summarizesthepreferenceof observersin terms
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Fig. 9. The technical pipeline for processing video and synthesizing
abstract visual representations. Data �les are shown in pink, software
modules in blue, and hardware-assisted modules in yellow.

of typesof visual signatures,which largely re�ects the effectiveness
of eachtypeof visualsignature.NotethattheTypeC visualsignature
wasconsideredto bethemosteffective in relationto thespinningmo-
tion, while TypeB wasgenerallypreferredfor othertypesof motion.

Theoverallpreference(shown ontheright of Fig.8) wascalculated
by puttingall `votes' togetherregardlessthetypeof motioninvolved.
This correspondsreasonablywell with the �nal scores,rangingbe-
tween1 (least) to 5 (most) effective, given by the observers at the
end.Themeanscoresfor thefour typesof visualsignaturesareA:2.6,
B:4.0,C:3.6,andD:3.1(0:14� se� 0:16 ) respectively.

6 SYNTHESIZING VISUAL SIGNATURES

Fig. 9 shows theoverall technicalpipelineimplementedin this work.
Themaindevelopmentgoalsfor thispipelinewere:(i) to extractava-
riety of intermediatedatasetsthatrepresentattribute�elds of avideo.
Suchdatasetsinclude extractedobject volume, differencevolume,
boundaryvolume,andoptical�o w �eld; (ii) to synthesizedifferentvi-
sual representationsusingvolumeand �o w visualizationtechniques
individually as well as in a combinedmanner; and (iii) to enable
real-timevisualizationof deformedvideovolumes(i.e., thehorseshoe
view), andto facilitateinteractive speci�cationof viewing parameters
andtransferfunctions.

The videoprocessingstageof the pipelinefocuseson the genera-
tion of appropriateattribute�elds, includingextractedobjectvolume,
4-banddifferencevolume, objectboundaryvolume, optical �ow �eld ,
andseedlist. The renderingstagewas implementedin C++, using
Direct3D as the graphicsAPI and HLSL as the GPU programming
language.Volumerenderingis basedon 3D textureslicing. The�o w
visualizationpart is addedby renderingopaquegeometrythat repre-
sentsarrows or streamlines.For an800� 600visualizationanda 600
framevideo,thevolumerendererachievesabout12.9fpsona3.4GHz
Pentium4 PC with an NVIDIA GeForce7800GTX graphicsboard.
Furtherdetailscanbefoundin [2].

7 APPLICATION CASE STUDIES

We have appliedour understandingandthe developedtechniquesto
a setof video clips collectedin the CAVIAR project [10] asbench-
markingproblemsfor computervision. In particular, we considereda
collectionof 28videoclipsof theentrancelobbyof theINRIA Labsat
Grenoble,France,which were�lmed from a similar cameraposition
usinga wide anglelens. Fig. 10(a)shows a typical frameof thecol-
lection, with actorshighlightedin red, non-actingvisitors in yellow.
All videoshave the sameresolutionwith 384� 288 pixels per frame
and25 framespersecond.As all videosareavailablein compressed
MPEG2,thereis a noticeableamountof noise,which presentsa chal-
lengeto the synthesisof meaningfulvisual representationsfor these
videoclipsaswell asautomaticobjectrecognitionin computervision.

Thevideoclips recordeda varietyof scenariosof interest,includ-
ing peoplewalking aloneandin group,meetingwith others,�ghting
andpassingout,andleaving a packagein a public place.Becausethe
camerawas locatedat a relatively high positionandalmostall mo-
tions took placeon the ground,the view of the sceneexhibits some
similarity to thesimulatedview usedin our userstudy. It is therefore
appropriateandbene�cial to examinethevisualsignaturesof different
typesof motioneventsfeaturedin thesevideos.

In thiswork, wetestedseveralchangedetectionalgorithmsasstud-
ied in [6], andfoundthatthelineardifferencedetectionalgorithm[8]
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(a)aselectedimageframe (b) extractedobjects

(c) 4-banddifference (d) acomputedoptical�o w

Fig. 10. A selected scene from the video `Fight OneManDown' collected
by the CAVIAR project [10], and its associated attributes computed in
the video processing stage.

is mosteffective for extractinganobjectrepresentation.As shown in
Fig. 10(b),thereis a signi�cant amountof noiseat the lower left part
of the image,wherethesharpcontrastbetweenexternallighting and
shadowsis especiallysensitiveto theminorcameramovements,in ad-
dition to thenoisecausedby thelossycompressionusedin capturing
thesevideoclips. In many videoclips, therewerealsonon-actingvis-
itors browsing in that area,resultingin morecomplicatednoisepat-
terns. Using the techniquesdescribedin Section6 and[2], we also
computeda4-banddifferenceimagebetweeneachpairof consecutive
frames(Fig. 10(c)),andanoptical�o w �eld (Fig. 10(d)).

Fig. 11 shows threedifferent situationsinvolving peopleleaving
thingsaroundin thescene.Firstly, we canrecognizethevisualsigna-
ture of the stationaryobjectsbroughtinto the scene(e.g.,a bagor a
box) in Fig. 11(b)-(e).In TypeB, thepartof motionlesstrackappears
to becolorless,while in TypeC, thereis no arrow associatedwith the
track, indicatingthe lack of motion. In conjunctionwith the relative
positionandthicknessof this partof thetrack,it is possibleto deduce
thatanobjectis motionlesson the�oor .

We can also observe the differenceamongthe threevideosfrom
their visualizations.In (c), theownerappearedto have left thescene
afterleaving anobject(i.e.,abag)behind.Someone(in facttheowner
himself) latercamebackto pick up theobject. In (d), anobject(i.e.,
a bag)wasleft only for a shortperiod,andthe owner wasnever far
from it. In (e), theobject(i.e., a box) wasleft in thescenefor a long
period,andtheowneralsoappearedto walk away from theobjectin
anunusualpattern.

Fig. 12 shows the visualizationof two other video clips in the
CAVIAR collection[10]. In the`Fight OneManDown' video,two ac-
tors �rst walked towardseachother, thenfought. Oneactorknocked
the other down, and left the scene. From the visualization,we can
identify themovementsof people,includingthetwo actorsandsome
othernon-actingvisitors. We canalsorecognizethevisual signature
for the motion whenoneof the actorwason the �oor aspart of the
trackis associatedwith with veryfew arrows. Thishenceindicatesthe
lack of motion. In conjunctionwith the relative positionof this part
of thetrack,it is possibleto deducethata personis motionlesson the
�oor . We canobserve a similar visualsignaturein partof thetrackin
Fig. 12(c).

Visual signaturesof spatiotemporalentitiesin real life videoscan
bein�uencedby numerousfactorsandappearin variousforms. Such
diversitydoesnot in any way underminethefeasibility of videovisu-
alization,andon the contrary, it ratherstrengthensthe argumentfor
involving the `bandwidth' of the humaneyesandintelligencein the

loop. The above examplescanbe seenasfurther evidenceshowing
thebene�tsof videovisualization.

8 CONCLUSIONS

We have presenteda broadstudyof visual signaturesin video visu-
alization. We have successfullyintroduced�o w visualizationto as-
sist in depictingmotion featuresin visual signatures.We found that
the �o w-basedvisual signatureswereessentialto the recognitionof
certaintypesof motion, suchas spinning, thoughthey appearedto
demandmoredisplaybandwidthandmoreeffort from observers. In
particular, in our �eld trial, combinedvolumeand�o w visualization
wasshown to bethemosteffective meansfor conveying theunderly-
ing motionactionsin real-lifevideos.

We have conducteda userstudythatprovideduswith anextensive
setof usefuldataabouthumanfactorsin videovisualization.In par-
ticular, we have obtainedthe�rst setof evidenceshowing thathuman
observerscanlearnto recognizetypesof motionfrom theirvisualsig-
natures.Consideringthat mostobservershadlittle knowledgeabout
visualizationtechnologyin general,over 80%of themgained50%or
abovesuccessratewithin a45minutelearningprocess.Thereduction
of responsetimewithin asessionis signi�cant, while theimprovement
of accuracy maypossiblygain throughexperiencingvideovisualiza-
tion regularlyoveraperiod.Someof the�ndings obtainedin thisuser
studyindicatethepossibilitythatperspectiveprojectionin avideomay
not necessarilybea majorbarrier, sincehumanobserverscanrecog-
nize sizechangesat ease.We areconductingfurther userstudiesin
thisarea.

We have designedand implementeda pipeline for supportingthe
studieson video visualization. Throughthis work we have alsoob-
tainedsome�rst-hand evaluationas to the effectivenessof different
videoprocessingtechniquesandvisualizationtechniques.
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