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Visual Signatures in Video Visualization

Min Chen, Ralf P. Botchen, Rudy R. Hashim, Daniel Weiskopf, Member, IEEE Computer Society,
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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 ow, GPU rendering.

1 INTRODUCTION

A videois a pieceof orderedsequentiatiata,andviewing videosis a
time-consumingndresource-consumingrocessMdeovisualization
is a computationprocessthat extracts meaningfulinformation from
original videodatasetsandcorveys the extractedinformationto users
in appropriatevisualrepresentationsrhe ultimatechallengeof video
visualizationis to provide userswith a meansto obtaina sufcient
amountof meaningfulinformationfrom oneor afew staticvisualiza-
tions of a video using O(1) amountof time, insteadof viewing the
video usingO(n) amountof time wheren is the lengthof the video.
In otherwords,canwe seetime withoutusingtime (i.e., showingand
viewingimagesin sequency

Video datais a type of 3D volume data. Similar to visualization
of spatial3D datasets,one canconstructa visual representatiotoy
selectvely extractingimportantinformationfrom a videovolumeand
projectingit ontoa 2D view plane. However, in mary traditionalap-
plications(e.g.,medicalvisualization) theusersarenormallyfamiliar
with the 3D objects(e.g.,bonesor organs)depictedin a visualrepre-
sentation.In contrasthumanobsenrersare not familiar with the 3D
objectsdepictedn avisualrepresentationf avideobecaus®nespa-
tial dimensionof theseobjectsshavs the temporaldimensionof the
video. The problemis further complicatedby the factthat, in most
videos,each2D frameis the projective view of a 3D scene Hence,a
visual representationf a video on a computerdisplayis, in effect, a
2D projective view of a4D spatiotemporadlomain.

Depictingtemporalinformationin a spatialgeometridorm (e.g.,a
graphshaving the weightchangeof a personover a period)is anab-
stractvisual representationf a temporalfunction. We thereforecall
the projective view of a video volumean abstiact visual representa-
tion of a video, which is alsoa temporalfunction. Consideringthat
the effectivenesf abstractrepresentations well-acceptedn mary
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applicationsijt is morethaninstinctively plausibleto explorethe use-
fulnessof video visualization,for which Daniel and Chenproposed
thefollowing threehypothese$6]:

1. Videovisualizationis an(i) intuitiveand(ii) cost-efective means
of processindarge volumesof videodata.

2. Well constructedrisualizationsof avideoareableto shaw infor-
mation that numericaland statisticalindicators(and their con-
ventionaldiagrammatigllustrations)cannot.

3. Userscan becomeaccustomedo visual featuresdepictedin
videovisualizationspr betrainedto recognizespeci c features.

Themainaimof thiswork is to evaluatethesehypothesesyith afocus
onvisualizingmotioneventsin videos.Our contritutionsinclude:

We have, for the rst time, considered/ideo visualizationasa
o w visualizationproblem,in additionto volumevisualization.
We have developedatechnicaframevork for constructingscalar
andvector elds from avideo, andfor synthesizingabstracti-

sual representationsising both volume and o w visualization
techniques.

We have introducedthe notion of visual signatue for symbol-
izing abstractvisual featuresthat depictindividual objectsand
motion events. We have focusedour algorithmic development
anduserstudy on the effectivenessof corveying andrecogniz-
ing visualsighature®f motioneventsin videos.

We have comparedheeffectivenesf four differentabstracvi-
sualrepresentationsf motionevents,includingsolidandbound-
ary representationsf extractedobjects differencevolumes,and
motion o ws depictedusingglyphsandstreamlines.

We have conducteda userstudy resultingin the rst setof ev-
idencefor supportinghypothesig(3). In addition,the studyhas
providedaninterestingcollectionof ndings thatcanhelpusun-
derstandhe procesf visualizing motion eventsthroughtheir
abstracwisualrepresentations.

We have appliedourunderstandingndthedevelopedechniques
to a setof real videoscollectedasbenchmarkingroblemsin a
recentcomputervision project[10]. This hasprovided further
evidenceto supporthypothesegl) and(2).

2 RELATED WORK

Althoughvideovisualizationwas rst introducedasa new technique
and applicationof volume visualization[6], it in factreachesut to
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a numberof otherdisciplines. The work presentedn this paperre-
latesto videoprocessingvolumevisualization ow visualization and
humanfactorsin motionperception

Automatic video processings a researcharearesiding between
two closelyrelateddisciplinesjmageprocessingndcomputewision.
Mary researcherstudiedvideo processingn the contet of video
surwillance (e.g., [4, 5]), and video sggmentation(e.g., [18, 24]).
While suchresearchand developmentis no doubt hugelyimportant
to mary applicationsthe existing techniquegor automaticvideopro-
cessingrenormallyapplication-speci candaregenerallydif cult to
adaptthemselesto differentsituationswithout costly calibration.

The work presentedn this papertakes a differentapproachfrom
automatiovideoprocessingAs outlinedin [25], it is intendedo “take
adwantageof thehumaneye's broadbandwidthpathway into themind
to allow usersto see explore,andunderstandarge amountsof infor-
mationatonce',andto “corvert con icting anddynamicdatain ways
thatsupportvisualizationandanalysis'.

A numberof researcherbave noticedthe structuralsimilarity be-
tweenvideodataandvolumedatacommonlyseenn medicalimaging
andscienti ¢ computationandhave exploredthe avenueof applying
volumerenderingtechniquego solid video volumesin the context of
visualarts[9, 12, 15]. Danieland Chen[6] approachedhe problem
from the perspectie of scienti ¢ visualization,anddemonstratethat
videovisualizationis potentiallyanintuitive andcost-efective means
of processindarge volumesof videodata.BennettandMcMillan [1]
alsodemonstratethata spatiotemporalideo volume canbe usedto
aid theprocesf videoediting.

Flow visualizationis anotherimportantareain scienti ¢ visualiza-
tion [16, 20, 26]. Thereexist several differentstratgiesto displaythe
vector eld associatedvith a ow. Oneapproachusedin this paper
relieson glyphsto shaw the directionof a vector eld ata collection
of samplepositions. Typically, arrons are employed to encodedi-
rectionvisually, leadingto hedgehogisualizationg7, 14]. Another
approachs basedon the characteristidines, suchasstreamlinespb-
tainedby particletracing. A majorproblemof 3D o w visualizationis
the potentiallossof visualinformationdueto mutualocclusion.This
problemcanbe addressetby improving the perceptionof streamline
structureg13] or by appropriateseedingd11].

In humansjust asin machinesyisualinformationis processedby
capacityandresourcdimited systemsLimitationsexist bothin space
(i.e., the numberof itemsto which we canattend)[21] andin time
(i.e.,how quickly we candisengigefrom oneitemto processanother)
[19, 22]. Severalrecentlines of researcthave shavn thatin dealing
with complex dynamic stimuli theselimitations can be particularly
problematic[3]. For example,the phenomenaf changeblindness
[23] andinattentionalblindness[17] both shav that relatively large
visualeventscango completelyunreportedf attentionis misdirected
or overloaded.In ary applicationwheremultiple sourcesf informa-
tion mustbe monitoredor arraysof comple displaysinterpretedthe
additionalload associateavith motionor change(i.e. the needto in-
tegrateinformationover time) could greatlyincreaseoverall taskdif-
culty . Visualizationtechniqueshatcanreducetemporalloadclearly
have importanthumanfactorsimplications.

3 CONCEPTS AND DEFINITIONS

3D spatiotemporatiataset,usuallyresultingfrom adiscretesampling
processsuchas Iming andanimation. The main perceptualdiffer-
encebetweerviewing a still imageanda videois thatwe areableto
obsene objectsin motion (andstationaryobjects)in a video. For the
purposeof maintainingthegeneralityof our formal de nitions, wein-
cludemotionlessnesasatype of motionin thefollowing discussions.
Letmbeaspatiotempaal entity, whichis anabstracstructureof an
objectin motionandencompassdhechange®f avarietyof attributes
of the objectincludingits shape jntensity color, texture, positionin
eachimage,andrelationshipwith otherobjects. Hencethe ideal ab-

Video visualizationis therebya function,F : V! [, that mapsa
videoV to animagel, whereF is normally realizedby a computa-
tional processandthe mappinginvolvesthe extraction of meaning-
ful informationfrom V andthe creationof a visualizationimagel as
an abstractvisual representationf V. The ultimatescienti ¢ aim of
videovisualizationis to nd functionsthat cancreateeffective visu-
alizationimages from which userscanrecognizedifferentspatiotem-

A visual signatue V (m) is a groupof abstiact visual featuesre-
latedto a spatiotemporaéntity min avisualizationimagel, suchthat
userscanidentify theobject,themotion,or bothby recognizingv (m)
in 1. In mary ways, it is notionally similar to a handwrittensignature
or a signaturetune in music. It may not necessarilybe uniqueand
it may appeaiin differentformsanddifferentcontet. Its recognition
depend®nthequality of thesignatureaswell astheusers knowledge
andexperience.

4 TYPES OF VISUAL SIGNATURES

Given a spatiotemporakntity m (i.e., an objectin motion), we can
constructifferentvisual signaturego highlight differentattributesof
m. As mentionedn Section3, mencompassdbechange®f avariety
of attributesof the object. In this work, we focus on the following
time-varying attributes: (i) the shapeof the object, (ii) the positionof
theobject,(iii) theobjectappearancée.g.,intensityandtexture), (iv)
thevelocity of themotion.

Considerananimationvideo of a simpleobjectin arelatively sim-
ple motion. As shawn in Fig. 1(a), the main spatiotemporakntity
containedn thevideois atexturedspherenoving upwardsanddown-
wardsin aperiodicmanner

To obtainthe time-varying attributesaboutthe shapeand position
of the objectconcernedwe canextractthe objectsilhouettein each
framefrom the backgroundscene We canalsoidentify the boundary
of the silhouette,which to a certainextent corveys the relationship
betweerthe objectandits surroundinggin this simplecaseonly the
background).Fig. 1(b) and (c) shaow the solid and boundaryrepre-
sentationof a silhouette. To characterizehe changesf the object
appearanceye cancomputethe differencebetweenwo consecutie
frames,andFig. 1(d) givesanexampledifferenceimage.We canalso
establisha 2D motion eld to describehe movementof theobjectbe-
tweeneachpair of consecutie frames,asshavn in Fig. 1(e). There
is a very large collection of algorithmsfor obtainingsuchattributes
in the literature,and we will brie y describeour implementationin
Section6.

Compiling all silhouetteimagesinto a single volume resultsin a
3D scalar eld that we call an extracted objectvolume Similarly,
we obtainan objectboundaryvolumeanda differencevolume which
arealsoin the form of 3D scalar elds. The compilationof all 2D
motion elds in a singlevolumetric structuregives us a motion ow
in the form of a 3D vector eld. Given theseattribute elds of the
spatiotempora¢ntity m, we cannow considetthe creationof different

(a) veframes(No.: 0,5, 10,15, 20) selectedrom avideo

(b) silhouette (c) boundary (d) difference  (e) motion ow

Fig. 1. Selected frames of a simple up-and-down motion, depicting the

stractionof avideois to transformit to a collectionof representations rst of the ve 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.

visualsignaturegor m.

One can nd numerousways to visualize such scalarand vec-
tor elds individually or in a combinationalmanner Without over
complicatingthe userstudyto be discussedn Section5, we selected
four typesof visualizationfor representingrisual signatures. Each
type of visual signaturehighlights certainattributesof the objectin
motion, andre ects the strengthof a particularvolumeor o w visu-
alizationtechnique All four typesof visualizationcanbe synthesized
in realtime, for whichwe will outlinethetechnicaframevorkin Sec-
tion 6. For thefollowing discussionsye chosethehorseshoeiew [6]
asthe primary view representationln comparisorwith corventional
viewing angles,it placesfour facesof a volume,including the start-
ing and nishing frames,in a front view. It alsofacilitatesrelatively
morecost-efective useof arectanguladisplayarea,andcorveys the
temporaldimensiondifferentlyfrom the two spatialdimensions.

4.1 Type A: Temporal Silhouette Extrusion

This type of visual signaturedisplaysa projectie view of thetempo-
ral silhouettehull of the objectin motion. Steadyfeatures,suchas
backgroundare Itered away. Fig. 2(a) shavs a horseshoeiew of
the extractedobjectvolumefor the video mentionedin Fig. 1. The
temporalsilhouettehull, which is displayedasan opaqueobject,can
be seerwiggling up anddown in a periodicmanner

4.2 Type B: 4-Band Difference Volume

Differencevolumesplayedanimportantrole in [6], whereamorphous
visualfeaturegenderedisingvolumeraycastinguccessfullylepicted
somemotioneventsin their applicationexamples.However, their use
of transferfunctionsencodedvery limited semantianeaning.For this
work, we designed specialtransferfunction that highlightsthe mo-
tion andthe temporalchangeof a silhouette while usinga relatively
smalleramountof bandwidthto corvey the changeof objectappear
ance(i.e., intensityandtexture).

Considertwo exampleframesandtheir correspondingilhouettes,
05 and Gy, in Fig. 3(a) and (b). We classify pixelsin the difference
volumeinto four groupsasshawvn in 3(c), namely(i) background62
03" 620y), (i) new pixels (6205 2 Oy), (iii) disappearingixels
(2 O™ 620p), and(iv) overlappingpixels(2 O3 2 Op). Theactual
differencevalue of eachpixel, which typically resultsfrom a change
detection Iter, is mappedto one of the four bandsaccordingto the
groupthatthe pixel belongsto. This enableshe designof a transfer
function that encodessomesemanticdn relationto the motion and
geometricchange.

For example,Fig. 2(b) wasrenderedusingthe transferfunctionil-
lustratedin Fig. 3(d), which highlights new pixels in nearly-opaque
red and disappearingixels in nearly-opaquelue, while displaying
overlappingpixelsin translucengray andleaving backgroundoixels
totally transparent.Sucha visual signaturegives a clearimpression
that the objectis in motion, andto a certaindegree, provides some
visualcuesto velocity.

4.3 Type C: Motion Flow with Glyphs

In mary video-relatedapplicationstherecognitionof motionis more
importantthanthatof anobject. Henceit is bene cial to enhancehe
perceptionof motion by visualizingthe motion ow eld associated
with avideo. Thistypeof visualsignaturecombinesheboundaryrep-
resentatiof atemporakilhouettenull with arrov glyphsshaving the
directionof motion at individual volumetricpositions.It is necessary

(a)framesl, andly, (b) silhouetteD, andOy,

(c) 4 semantidands (d) color mapping

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

to determineanappropriatelensityof arravs, astoo mary would clut-
teravisualsignaturepr too few would leadto substantiainformation
loss. We therebyusea combinationof parameterso controlthe den-
sity of arrawvs, which will be discussedn Section6. Fig. 2(c) shavs
a Type C visual sighatureof a spherein an up-and-davn motion. In
this particularvisualization,colorsof arrovs arechosernrandomlyto
enhancehedepthcueof partially occludedarravs by improving their
visual continuity.

Notethatthereis a majordifferencebetweerthe motion ow eld
of avideo andtypical 3D vector elds consideredn o w visualiza-
tion. In amotion ow eld, eachvectorhastwo spatialcomponents
andonetemporalcomponent. The temporalcomponenis normally
setto a constantfor all vectors. We experimentedwith a rangeof
differentconstantgor thetemporalcomponentandfoundthata non-
zeroconstantwould confusethe visual perceptionof the two spatial
component®f thevector We therebychoseto setthetemporalcom-
ponentf all vectorsto zero.

4.4 Type D: Motion Flow with Streamlines

Theuvisibility of arrav glyphsrequireshemto bedisplayedn acertain
minimum size, which often leadsto the problemof occlusion. One
alternatve approachs to usestreamlineso depictdirectionof motion
ow. However, becausall temporalcomponentsn the motion ow
eld areequalto zero, eachstreamlinecanonly o w within the x-y
planewherethe correspondingeedresides,andit seldom o ws far.
Hencethereis often a denseclusterof shortstreamlinesmakingit
dif cult to usecolor for directionindication.

To improve the senseof motionandthe perceptiorof direction,we
mappeda zebra-lile dichromatictexture to the line geometry which
movesalongtheline in the o w direction.Althoughthis cannolonger
be consideredstrictly asa staticvisualization|t is notin ary way try-
ing to recreatenanimationof theoriginal video. Thedynamicsntro-
ducedis of a x ed numberof steps,which areindependenfrom the
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lengthof avideo. Thetime requiremenfor viewing suchavisualiza-
tion remaingto be O(1). Fig. 2(d) shawvs a staticview of suchavisual
signature. The perceptionof this type of visual signaturesnormally
improveswhenthe sizeandresolutionof thevisualizationincreases.

5 A USER STUDY ON VISUAL SIGNATURES

Thediscussionén the previous sectionsaturallyleadto mary scien-
ti ¢ questionconcerningvisual signaturesThefollowingsarejusta
few examples:

Canusersdistinguishdifferenttypesof spatiotemporakntities
(i.e., typesof objectsand typesof motion individually and in
combination)rom their visualsignatures?

If theanswerto the above is yes,how easyis it for anordinary
userto acquiresuchanability?

Whatkind of attributesaresuitableto befeaturedor highlighted
in visualsignatures?

What is the mosteffective designof a visual signature,andin
whatcircumstances?

Whatkind of visualizationtechniquesanbeusedfor synthesiz-
ing effective visualsignatures?

How would the variationsof cameraattributes,suchasposition
and eld of view, affectvisualsignatures?

How would the recognitionof visual signaturescalein propor
tion to the numberof spatiotemporatntitiespresent?

Almostall of thesequestionsarerelatedto the humanfactorsin vi-
sualizationandmotionperceptionThereis no doubtthatuserstudies
mustplay a partin our searchfor answergdo thesequestions.As an
integral partof this work, we conductedh userstudyon visual signa-
tures.Becausehisisthe rst userstudyonvisualsignature®f objects
in motion, we decidedto focusour studyon the recognitionof types
of motion. We thereforesetthe main objectivesof this userstudyas:

1. to evaluatethe hypothesighatuserscanlearnto recognizemo-
tionsfrom their visualsignatures.

2. to obtaina setof datathatmeasureshe dif culties andtime re-
quirementof alearningprocess.

3. to evaluatethe effectivenesf the abose-mentionedour types
of visualsignatures.

5.1 Types of Motion

As mentionedefore,anabstracvisualrepresentationf avideois es-
sentiallya 2D projective view of our 4D spatiotemporalvorld. Visual
sighaturesof spatiotemporaéntitiesin real life videoscanbe in u-
encedby numerousfactorsand appeaiin variousforms. In orderto
meetthe key objectvesof the userstudy it wasnecessaryo reduce
thenumberof parameterto beexaminedin thisscienti ¢ processWe
usedsimulatedmotionswith thefollowing constraints:

All videosfeatureonly onesphericalobjectin motion. The use
of a sphereminimizesthe variationsof visual signaturesiueto
camergpositionsandperspectie projection.

In eachmotion, the centerof the sphereemainsin the samex-y
plane,which minimizesthe ambiguity causedoy the changeof
objectsizedueto perspectie projection.
Sincethemotionfunctionis known, we computednostattribute
elds analytically This is similar to an assumptionthat the
spheres perfectlytexturedandlit, andwithout shadevs, which
minimizesthe errorsin extractingattribute elds usingchange
detectionandmotionestimationalgorithms.

We considerthefollowing seventypesof motion:

1. MotionCasel: Nomotion— in whichthesphereaemainsn the
centerof theimageframethroughouthevideo.

2. Motion Case2-9: Scaling— in which theradiusof the sphere
increasedy 100%,75%,50% and25%, anddecreaseby 25%,
50%, 75%and100%respectiely.

3. Motion Cases10-25: Translation — in which the sphere
moves in a straight line in eight different directions (i.e.,

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 revolutionsrespectiely.

5. Motion Cases35, 38, 41: Periodic up-and-dowrtranslation—
in which the spherenovesupwardsanddovnwardsperiodically
in threedifferentfrequenciespamelyl, 5 and9 cycles.

6. Motion Cases36, 39, 42: Periodic left-and-righttranslation—
in which the spheremovestowardsleft andright periodicallyin
threedifferentfrequenciespnamelyl, 5 and9 cycles.

7. Motion Cases37, 40, 43: Periodic rotation — in which the
sphererotatesaboutthe centerof the imageframe periodically
in threedifferentfrequenciespamelyl, 5 and9 cycles.

The rst four typesareconsideredo be elementarymotions. The
lastthreearecompositemotionswhich canbe decomposethto a se-
ries of simpletranslationmotionsin smallertime windows. Five ex-
amplesmotion casesand their visual signaturescan be found in the
accompaging materials.

We did considerto include other compositemotions,suchasthe
periodicscaling,andcombinedscaling,translationand spinning,but
decidedo limit thetotalnumberof casesn orderto obtainanadequate
numberof sampledor eachcasewhile controlling the time spentby
eachobsererin the study We alsomadea consciouslecisionnotto
includecomplex motionssuchasdeformationshearingandfold-over
in this userstudy

5.2 The Main User Study

Participants. 69 obserers (23 female,46 male) from the student
community of SwanseaUniversity took part in this study All ob-

senershadnormal, or correctedto normal, vision andwere given a

£2 book vouchereachas a small thank-yougesturefor their partic-
ipation. Datafrom two participantswere excludedfrom analysisas
their responsdimeswere morethan 3 standarddeviations outsideof

the mean. Thus, datafrom 67 (22 female,45 male) obsererswere
analyzed.

Tasks. Theuserstudywasconductedn 14sessionsverathreeweek
period. Eachsessionwhich involved 4 or 5 obserers, startedwith a
25 minutesoral presentationgiven by one of the co-authorsof this
paperwith the aid of a setof pre-writtenslides.The presentationvas
followed by a test, typically taking about20 minutesto complete. A
pieceof interactie softwarewas speciallywritten for structuringthe
testaswell ascollectingtheresults.

Thepresentatioprovidedanoverview of thescienti ¢ background
andobjectvesof this userstudy andgave a brief introductionto the
four typesof visual signatureslargely in the terminologyof alayper
son(seeaccompawing materials) It outlinedthe stepsof thetest,and
highlightedsomepotentialdif culties andmisunderstanding#\s part
of alearningprocessa total of 10 motionsand 11 visual signatures
wereshavn asexamplesin theslides.

The testwas composedf 24 trials. On eachtrial, the obsener
was presentedvith betweenl and 4 visual signaturesof a motion.
As shown in Fig. 4(a), thetaskwasto identify the underlyingmotion
patternby selectingfrom the 4 alternatveslisted at the bottomof the
screen.Both the speedandthe accurag of this responsavere mea-
sured.As obsenerswereallowedto correctinitial responseghe nal

(a) identifying motion patterns (b) feedbackandevaluation

Fig. 4. Example screenshots of the main two tasks for each trial.
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reactiontime wastaken from the point whenthey proceededo the
next partof thetrial.

The secondpart of the trial wasdesignedo provide feedbackand
trainingfor theobserersto increasehelik elihoodof learning.It also
provided a measuref subjectve utility, thatis, how usefulobserers
foundeachtype of visualsignatureln this part,theunderlyingmotion
clip wasshawvn in full togethemwith all four typesof visualsignatures
(Fig. 4(b)). Thetaskwasto indicatewhich of thefour visualsignatures
appearedo provide the mostrelevantinformation. No responsdime
wasmeasuredn this part.

At theendof the experiment,obsenerswerealsoaskedto provide
anoverall usefulnessatingfor eachtype of visualsignature A rating
scalefrom 1 (least)to 5 (most)effective wasused.

Design. The 24 trials in eachtestwereblocked into 4 equallearn-
ing phaseq6 trials per phase)in which the amountof availablein-
formationwasvaried. In theinitial phaseall 4 visual signaturesvere
presentedproviding the full rangeof information. In eachsucces-
sive phase the numberof available representations/as reducedby
one,sothatin the nal phaseonly onevisualsignaturevasprovided.
This x ed orderwasimposedso that obsererswould receve suf-
cienttraining beforebeingpresentedvith minimuminformation. For
eachobsenrer a randomsub-setof the 43 motion caseswvas selected
andrandomlyassignedo the 24 experimentaltrials. For eachcase,
the 4 possibleoptionswere x ed. The positionof optionswas how-
ever randomizedon the screenon an obserer by obserer basisto
minimize simpleresponsetrataies.

5.3 The Supplementar y User Study

Sincethe numberof visualsignaturesvailablein the mainuserstudy
decreasedrom one phaseto anothey it may be dif cult to know
whetherchangesn the overall accurag andresponsdimesdirectly
re ect learning. To addresghis issue we conducteda supplementary
userstudy wheretwo visual signatures;TypesB and C, were made
available throughoutthe 24 trials. It wasorganizedin a sameman-
nerasthemainstudy andinvolved40 obseners(14female,26 male).
Amongthem,17 alsotook partin themainuserstudy hencehadsome
experienceof video visualization,with a time lapseof 4-5 months.
Theother23were rst-time obserers,with no previousexperiencean
videovisualization.

5.4 Results and Remarks

Analysisof Variance (ANOVA) was usedto explore differencesbe-
tweenthreeor moremeansandt-testswereusedto directly compare
two means.By corvention,F andt valuesindicatethe ratio between
effectsof interestandrandomnoiseusingspeci ¢ probabilitydistribu-
tions. Theprobability p of obtainingF ort valuesgiventhestatistical
degreesof freedomindicatedin parenthesess also provided, with
valueslessthan0.05consideredinlikely to occurby chancealone.
Motion Types. Tablel givesthemeanaccurag (in percentageand
responsdime (in second)n relationto motiontypes.Therewereclear
differencesbetweenthe typesof motion, both in termsof accurag
(F(4,264) = 345, MSE = 5, p< 0:001),andspeedF (4;264) = 12:6,
MSE = 118,p< 0:001).

The scaling condition gave rise to the highestaccurag, clearly
shaving that positive identi cation of motionis possiblefrom visual
signatures.Post-hocanalysisshaved that this conditiondid not lead
to betterperformancahanthetrivial staticcase put performancevas
reliably higher than the other three motion types(all have t > 6:0,
p< 0:001).

Accurag levelsfor thetranslationamotions,includingtheelemen-
tary motionin onedirection,andcombinationaimotionwith 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 appeargo arisebe-
causethe projectionof the spherein motion maintainsthe sameout-
line and positionthroughoutthe motion. For example,the temporal
silhouettehull of Motion Case31, whichis aspinningmotion,is iden-
tical to thatof Motion Casel, whichis motionlesgseeaccompaying

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

Accuray (%) Responséime (second)
Static 812 (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 (s€ of the means listed are all between 1 and 2.

Accuragy (%) Responséime (second)
main  sup-1 sup-2| main sup-1 sup-2
Phasel | 66.7 68.1 755 | 308 247 26.7
Phase | 70.0 746 765 | 222 18.9 194
Phase88 | 72.0 743 824 17.5 12.0 16.9
Phaset | 63.0 717 784 134 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 rendersType A visual signaturetotally ineffective in
differentiatingary spinningmotionfrom the motionlessstate.

Responséimes,computednly for correcttrials, followedasimilar

pattern. Here, however, scalingmotion did give rise to signi cantly
betterperformancahanthe staticcase(t(114) = 3:1, p< 0:001),in
additionto the otherthreemoving cases.No othercomparisonsvere
signi cant.
Phases. Table?2 givesthe meanaccurag (in percentagepand re-
sponsdime (in second)n eachof the four phasesAlthoughthe sup-
plementarystudywasnotdividedinto speci ¢ phaseswe groupedhe
datainto4 6 trialsfor comparisorpurposes.

In themainuserstudy accuray levelschangedsigni cantly across
thefour phasegF(3;198 = 2:9, MSE = 3.7, p< 0:05). Whilethereis
aclearlyincreasingrendacrosshe rst 3 phasesthis maineffectap-
peargdo beduemoreto the nal dropbetweerphases8 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 Phased. A singlevisual signaturds oftenambiguous,
for example,spinningand static casessharethe sameType A visual
signaturein our userstudies,so this could have in ated error rates.
Another possibility is the lack of a con rmation processbasedon a
secondvisualsignature.

We shouldnote,however, thata similar trendcanalsobe obsered
in the supplementargtudy where TypesB and C visual signatures
were available throughoutthe session. Here, though, therewas no
main effect of phase. It seemgossiblethat the generallyhigh level
of performancen both of the userstudiesmaywell be maskingmore
subtlelearningeffectsin termsof accurag. Secondtime obserers
(mean= 78%, se= 2:6) performedslightly betterthan rst time ob-
seners(mearr 72%,se= 2:8). Althoughthisdifferencedid notreach
statisticalsigni cance, the trend towards higher performances still



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 12, NO. 5, SEPTEMBER/OCTOBER 2006

\ OPhase 1 OPhase 2 OPhase 3 OPhase 4 \

Lol

Translation

Accuracy

100%
90% -
80% o
70%
60% -
50% -
40%
30% o
20%
10% -

0%

Static Scaling Spinning Periodic

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. 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 single prior exposuredating
backseveral months,canprovide somemotivationto further explore
long-termlearningeffectsin this context.

In termsof responsdime, the storyis muchcleaner In the main
userstudytherewasa cleareffect of phasgF(3;198 = 435, MSE =
97:8, p < 0:001),which takestheform of a consistentineardecrease
(F(1;198 = 1216, MSE = 97:8, p < 0:001). Importantly exactly
the samepatternis presentin the supplementargtudy with a main
effect of phase(F(3;114) = 352, MSE = 451, p < 0:001), driven
by alineardecreasén responseime (F(1;114) = 103,MSE = 451,
p < 0:001). Thus,within the spaceof a singleexperiment,obserers
improve their performance&venwhenthe numberof respons®ptions
remainsconstant. Therewere no other signi cant responsdime ef-
fectsin thesupplementargtudy Figure5 shavsthisdescreasingend
overthe 24 trials for bothuserstudies.

For the main study Fig. 6 shavs the accurag in relationto each
typeof motionin eachphase We canobsene thatthe spinningmotion
seemgo bene t morefrom having multiple visualsignatureswvailable
at the sametime. The noticeabledecreas@f the numberof positive
identi cation of the motionlesseventin Phase3 may alsobe caused
by the dif culties in differentiatingit from spinning. Fig. 7 shavs a
consistenteductionof responseime for all typesof motion.
Preference . Fig. 8 summarizeshe preferenceof obserersin terms

Video Processing Video Processing
scalar
Change Detection volumes User Interface
captured Edge Detection flow Bricking and Slicing 4 types
video > | fields | ™ _»| Of visual
data Optical Flow Est. Volume Rendering signatures
seed
lists Flow Visualization

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 signatureswhich largely re ects the effectiveness
of eachtypeof visualsignature Note thatthe Type C visualsignature
wasconsideredo bethemosteffective in relationto the spinningmo-
tion, while Type B wasgenerallypreferredfor othertypesof motion.
Theoverall preferencéshavn ontheright of Fig. 8) wascalculated
by puttingall “votes'togetheregardlesshe type of motioninvolved.
This correspondseasonablywell with the nal scores,rangingbe-
tweenl (least)to 5 (most) effective, given by the obserers at the
end. Themeanscoredor thefour typesof visualsignaturesreA:2.6,
B:4.0,C:3.6,andD:3.1(0:14 se 0:16) respectiely.

6 SYNTHESIZING VISUAL SIGNATURES

Fig. 9 shavs the overall technicalpipelineimplementedn this work.
Themaindevelopmentgoalsfor this pipelinewere: (i) to extractava-
riety of intermediatedatasetsthatrepresenattribute elds of avideo.
Suchdatasetsinclude extractedobject volume, differencevolume,
boundaryolume,andoptical ow eld; (ii) to synthesizaifferentvi-
sualrepresentationssing volume and o w visualizationtechniques
individually as well asin a combinedmanner;and (iii) to enable
real-timevisualizationof deformedvideovolumes(i.e.,thehorseshoe
view), andto facilitateinteractve speci cationof viewing parameters
andtransferfunctions.

The video processingstageof the pipelinefocuseson the genera-
tion of appropriateattribute elds, including extractedobjectvolume
4-banddifferencevolume objectboundaryvolume optical ow eld,
andseedlist. The renderingstagewas implementedn C++, using
Direct3D asthe graphicsAPI and HLSL asthe GPU programming
language Volumerenderingis basedon 3D textureslicing. The ow
visualizationpartis addedby renderingopaguegeometrythat repre-
sentsarrows or streamlinesFor an800 600visualizationanda 600
framevideo,thevolumerendereachievesabout12.9fpsona3.4GHz
Pentium4 PCwith anNVIDIA GeForce 7800GTX graphicsboard.
Furtherdetailscanbefoundin [2].

7 APPLICATION CASE STUDIES

We have appliedour understandingind the developedtechniquego
a setof video clips collectedin the CAVIAR project[10] asbench-
markingproblemsfor computervision. In particular we considered
collectionof 28videoclips of theentrancdobby of the INRIA Labsat
Grenoble France which were Imed from a similar cameraposition
usingawide anglelens. Fig. 10(a)shawvs a typical frameof the col-
lection, with actorshighlightedin red, non-actingvisitorsin yellow.
All videoshave the sameresolutionwith 384 288 pixels per frame
and25 framesper second.As all videosareavailablein compressed
MPEG2,thereis a noticeableamountof noise,which presents chal-
lengeto the synthesisof meaningfulvisual representationfor these
videoclips aswell asautomaticmbjectrecognitionin computeision.

Thevideo clips recordeda variety of scenariof interest,includ-
ing peoplewalking aloneandin group, meetingwith others, ghting
andpassingout, andleaving a packagen a public place.Becausghe
camerawas locatedat a relatively high positionand almostall mo-
tions took placeon the ground,the view of the sceneexhibits some
similarity to the simulatedview usedin our userstudy It is therefore
appropriatendbene cialto examinethevisualsignaturesf different
typesof motioneventsfeaturedn thesevideos.

In thiswork, we testedseveralchangedetectioralgorithmsasstud-
iedin [6], andfoundthatthelineardifferencedetectionalgorithm[8]
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(a) aselectedmageframe (b) extractedobjects

(c) 4-banddifference (d) acomputedoptical ow

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 extractingan objectrepresentationAs shavn in
Fig. 10(b), thereis a signi cant amountof noiseat the lower left part
of theimage,wherethe sharpcontrastbetweenexternallighting and
shadavsis especiallysensitve to theminor cameranovementsin ad-
dition to the noisecausedy the lossycompressiomsedin capturing
thesevideoclips. In mary videoclips, therewerealsonon-actingvis-
itors browsing in that area,resultingin more complicatednoisepat-
terns. Using the techniquesdescribedn Section6 and[2], we also
computeda 4-banddifferenceémagebetweereachpair of consecutie
frames(Fig. 10(c)),andanoptical ow eld (Fig. 10(d)).

Fig. 11 shaws three different situationsinvolving peopleleaving
thingsaroundin the scene Firstly, we canrecognizethe visual signa-
ture of the stationaryobjectsbroughtinto the scene(e.g.,a bagor a
box)in Fig. 11(b)-(e).In TypeB, the partof motionlesdrackappears
to becolorlesswhile in Type C, thereis no arrov associateavith the
track, indicatingthe lack of motion. In conjunctionwith the relative
positionandthicknesof this partof thetrack,it is possibleto deduce
thatanobjectis motionlesonthe oor.

We can also obsere the differenceamongthe threevideosfrom
their visualizations.In (c), the ownerappearedo have left the scene
afterleaving anobject(i.e.,abag)behind.Someondin facttheowner
himself) later camebackto pick up the object. In (d), anobject(i.e.,
a bag)wasleft only for a shortperiod,andthe owner was never far
fromit. In (e), theobject(i.e., a box) wasleft in the scenefor along
period,andthe owner alsoappearedo walk awvay from the objectin
anunusualpattern.

Fig. 12 shows the visualizationof two other video clips in the
CAVIAR collection[10]. In the 'Fight OneManDavn' video,two ac-
tors rst walkedtowardseachother thenfought. Oneactorknocked
the other down, and left the scene. From the visualization,we can
identify the movementsof people,includingthe two actorsandsome
othernon-actingvisitors. We canalsorecognizethe visual signature
for the motion whenone of the actorwason the oor aspartof the
trackis associateavith with very few arrons. Thishencendicateshe
lack of mation. In conjunctionwith the relative positionof this part
of thetrack, it is possibleto deducethata personis motionlesson the

oor. We canobsene a similar visual signaturen partof thetrackin
Fig. 12(c).

Visual signaturesof spatiotemporaéntitiesin real life videoscan
bein uenced by numeroudactorsandappeaiin variousforms. Such
diversitydoesnotin ary way underminethefeasibility of videovisu-
alization,andon the contrary it ratherstrengthenshe agumentfor
involving the “bandwidth’' of the humaneyesandintelligencein the

loop. The above examplescanbe seenasfurther evidenceshaving
thebene tsof videovisualization.

8 CONCLUSIONS

We have presenteda broadstudy of visual signaturesn video visu-
alization. We have successfullyintroduced o w visualizationto as-
sistin depictingmotion featuresin visual signatures.We found that
the o w-basedvisual signaturesvere essentiato the recognitionof

certaintypesof motion, suchas spinning, thoughthey appearedo

demandmoredisplay bandwidthand more effort from obserers. In

particular in our eld trial, combinedvolumeand o w visualization
wasshavn to be the mosteffective meandor corveying the underly-
ing motionactionsin real-life videos.

We have conductedh userstudythatprovided uswith anextensive
setof usefuldataabouthumanfactorsin video visualization.In par
ticular, we have obtainedthe rst setof evidenceshaving thathuman
obsererscanlearnto recognizetlypesof motionfrom their visual sig-
natures.Consideringthat mostobsenrershadlittle knowledgeabout
visualizationtechnologyin general over 80% of themgained50% or
above successatewithin a45 minutelearningprocessThereduction
of responséime within asessions signi cant, while theimprovement
of accurag may possiblygain throughexperiencingvideo visualiza-
tion regularly overaperiod. Someof the ndings obtainedn thisuser
studyindicatethepossibilitythatperspectie projectionin avideomay
not necessarilype a major barriet sincehumanobsererscanrecog-
nize size changesat ease. We are conductingfurther userstudiesin
thisarea.

We have designedand implementeda pipeline for supportingthe
studieson video visualization. Throughthis work we have also ob-
tainedsome rst-hand evaluationasto the effectivenessof different
videoprocessindechniquegndvisualizationtechniques.
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