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Min Chen,Ralf P. Botchen,Rudy R. Hashim,Daniel Weiskopf Member, IEEE,
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Abstract— Video visualization is a computation process
that extracts meaningful information fr om original video
data sets and conveys the extracted information to users
in appropriate visual representations.This paper presents
a broad tr eatment 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 con-
ducted 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 effectivenessof several differ ent abstract
visual representations of videos. We have conducted a
user study to examine whether users are able to learn
to recognizevisual signatures of motions, and to assist
in the evaluation of differ ent visualization techniques.
We have applied our understanding and the developed
techniquesto a setof application videoclips. Our study has
demonstrated that video visualization is both technically
feasible and cost-effective. It provided the �rst set of
evidence con�rming that ordinary users can accustomto
the visual featuresdepictedin video visualizations,and can
learn to recognizevisual signaturesof a variety of motion
events.

Index Terms— video visualization, volume visualization,
�o w visualization, human factors, user study, visual signa-
tur es,video processing,optical �o w, GPU-rendering.

I . INTRODUCTION

A video is a piece of orderedsequentialdata, and
viewing videosis a time-consumingandresource-

consumingprocess.Videovisualizationis a computation
processthat extractsmeaningfulinformationfrom origi-
nal videodatasetsandconveystheextractedinformation
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to usersin appropriatevisual representations.The ulti-
matechallengeof videovisualizationis to provide users
with a meansto obtaina suf�cient amountof meaningful
informationfrom oneor a few staticvisualizationsof a
videousingO(1) amountof time, insteadof viewing the
video usingO(n) amountof time wheren is the length
of the video. In other words, can we seetime without
using time?

In many ways, video visualization �ts the classical
de�nition of visual analytics[27]. For example,concep-
tually it bearssomeresemblanceto notions in mathe-
matical analysis.It can be consideredas an `integral'
function for summarizinga sequenceof imagesinto a
single image. It can be consideredas a `differential'
function for conveying the changesin a video. It can
be consideredas an `analytic' function for computing
temporalinformationgeometrically.

Video data is a type of 3D volume data.Similar to
the visualizationof 3D datasetsin many applications,
one can constructa visual representationby selectively
extractingmeaningfulinformationfrom a video volume
and projecting it onto a 2D view plane. However, in
many traditional applications(e.g., medical visualiza-
tion), theusersarenormally familiar with the3D objects
(e.g., bonesor organs)depictedin a visual representa-
tion. In contrastwith suchapplications,humanobservers
arenot familiar with the3D geometricalobjectsdepicted
in a visual representationof a video becauseonespatial
dimensionof theseobjectsis in fact thetemporaldimen-
sion.Theproblemis furthercomplicatedby thefactthat,
in mostvideos,each2D frameis the projective view of
a 3D scene.Hence,a visual representationof a videoon
a computerdisplayis, in effect, a 2D projective view of
a 4D spatiotemporaldomain.

Depictingtemporalinformationin a spatialgeometric
form (e.g., a graph showing the weight changeof a
personover a period)is anabstractvisual representation
of a temporalfunction. We thereforecall the projective
view of a videovolumeanabstractvisualrepresentation
of a video, which is also a temporalfunction. Consid-
ering that the effectivenessof abstractrepresentations,
such as a temporal weight graph, has been shown in
many applications,it is morethaninstinctively plausible
to explore the usefulnessof video visualization, for
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which Daniel and Chen proposedthe following three
hypotheses[6]:

1) Video visualizationis an (i) intuitive and(ii) cost-
effective meansof processinglarge volumes of
video data.

2) Well constructedvisualizationsof a videoareable
to show information that numericalandstatistical
indicators (and their conventional diagrammatic
illustrations)cannot.

3) Userscan becomeaccustomedto visual features
depictedin video visualizations,or canbe trained
to recognizespeci�c features.

The main aim of this work is to evaluate thesethree
hypotheses,with a focuson the visualizationof motion
eventsin videos.Our contributions include:

� We have, for the �rst time, consideredthe video
visualizationasa �o w visualizationproblem,in ad-
dition to a volumevisualization.We havedeveloped
a technical framework for constructingscalarand
vector �elds from a video, and for synthesizing
abstractvisual representationsusing both volume
and �o w visualizationtechniques.

� We have introducedthe notion of visual signature
for symbolizingabstractvisual featuresthat depict
individual objectsand motion events.We have fo-
cusedour algorithmic developmentand userstudy
on the effectivenessof conveying and recognizing
visual signaturesof motion eventsin videos.

� We have compared the effectivenessof several
different abstractvisual representationsof motion
events,includingsolidandboundaryrepresentations
of extracted objects, difference volumes, motion
�o ws depictedusingglyphsandstreamlines.

� We have conducteda user study, resulting in the
�rst set of evidencefor supportinghypothesis(3).
In addition, the study has provided an interesting
collection of �ndings that can help us understand
the processof visualizing motion events through
their abstractvisual representations.

� We have appliedour understandingand the devel-
opedtechniquesto a setof real videoscollectedas
benchmarkingproblemsin a recentcomputervision
project [10]. This hasprovided further evidenceto
supporthypotheses(1) and(2).

I I . RELATED WORK

Althoughvideovisualizationwas�rst introducedasa
new techniqueand applicationof volume visualization
[6], it in fact reachesout to a numberof other disci-
plines.The work presentedin this paperrelatesto video

processing, volumevisualization, �ow visualizationand
humanfactors in motionperception.

Automatic video processingis a researcharearesid-
ing betweentwo closely relateddisciplines,imagepro-
cessingand computervision. Many researchersstudied
video processingin the context of video surveillance
(e.g.,[4], [5]), andvideo segmentation(e.g.,[19], [25]).
While suchresearchanddevelopmentis no doubthugely
importantto many applications,the existing techniques
for automaticvideoprocessingarenormallyapplication-
speci�c, and are generallydif�cult to adaptthemselves
to differentsituationswithout costly calibration.

The work presentedin this paper takes a different
approachfrom automaticvideo processing.As outlined
in [27], it is intendedto `take advantageof the human
eye's broadbandwidthpathway into the mind to allow
usersto see,explore, and understandlarge amountsof
information at once', and to `convert con�icting and
dynamic data in ways that support visualization and
analysis'.

A numberof researchershave noticed the structural
similarity betweenvideo data and volume data com-
monly seen in medical imaging and scienti�c com-
putation, and have explored the avenue of applying
volume renderingtechniquesto solid video volumesin
the context of visual arts [12], [16]. Daniel and Chen
[6] approachedthe problem from the perspective of
visualization,and demonstratedthat video visualization
is potentially an intuitive and cost-effective meansof
processinglarge volumesof video data.

Flow visualization methods have a long tradition
in scienti�c visualization [17], [21], [31]. There exist
several different strategies to display the vector �eld
associatedwith a �o w. Oneapproachusedin this paper
relies on glyphs to show the direction of a vector �eld
at a collection of samplepositions. Typically, arrows
are employed to encodedirection visually, leading to
hedgehogvisualizations[15], [8]. Another approachis
basedon the characteristiclines, such as streamlines,
obtainedby particletracing.A majorproblemof 3D �o w
visualizationis the potential loss of visual information
dueto mutualocclusion.This problemcanbeaddressed
by improving theperceptionof streamlinestructures[14]
or by appropriateseeding[11].

In humans,just as in machines,visual information
is processedby capacityand resourcelimited systems.
Limitationsexist both in space(i.e., thenumberof items
to which we can attend) [22], [28] and in time (i.e.,
how quickly we candisengagefrom oneitem to process
another)[20], [23]. Several recentlines of researchhave
shown that in dealing with complex dynamic stimuli
theselimitationscanbeparticularlyproblematic[3]. For
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example,the phenomenaof changeblindness[24] andi-
nattentionalblindness[18] bothshow thatrelatively large
visual eventscan go completelyunreportedif attention
is misdirectedor overloaded.In any applicationwhere
multiple sourcesof information must be monitoredor
arrays of complex displays interpreted,the additional
load associatedwith motion or change(i.e. the needto
integrate information over time) could greatly increase
overall task dif�culty . Visualizationtechniquesthat can
reduce temporal load, clearly have important human
factorsimplications.

I I I . CONCEPTS AND DEFINITIONS

A video, V, is an orderedset of 2D image frames,
f I1; I2; : : : ; Ing. It is a 3D spatiotemporaldata set, usu-
ally resultingfrom a discretesamplingprocesssuchas
�lming and animation.The main perceptive difference
betweenviewing a still imageanda video is thatwe are
ableto observeobjectsin motion(andstationaryobjects)
in a video.For thepurposeof maintainingthegenerality
of our formal de�nitions, we include motionlessnessas
a type of motion in the following discussions.

Let m bea spatiotemporal entity, which is anabstract
structureof an object in motion, and encompassesthe
changesof a variety of attributesof the objectincluding
its shape,intensity, color, texture,positionin eachimage,
and relationship with other objects. Hence the ideal
abstractionof a videoV is to transformit to a collection
of representationsof suchentitiesf m1;m2; : : : ;g.

Video visualizationis therebya function, F : V ! I ,
thatmapsa videoV to an imageI , whereF is normally
realizedby a computationalprocess,and the mapping
involvestheextractionof meaningfulinformationfrom V
andthecreationof a visualizationimageI asanabstract
visual representationof V. The ultimate scienti�c aim
of videovisualizationis to �nd functionsthat cancreate
effective visualization images, from which users can
recognizedifferentspatiotemporalentitiesf m1;m2; : : : ;g
`at once'.

A visualsignature, V (m), is agroupof abstractvisual
featuresrelatedto a spatiotemporalentity m in a visual-
ization imageI , suchthat userscan identify the object,
the motion or both by recognizingV (m) in I . In many
ways, it is notionally similar to a handwrittensignature
or a signaturetune in music. It may not necessarilybe
uniqueandit mayappearin differentformsanddifferent
context. Its recognitiondependson the quality of the
signatureaswell astheuser'sknowledgeandexperience.

IV. TYPES OF V ISUAL SIGNATURES

Given a spatiotemporalentity m (i.e., an object in
motion), we can construct different visual signatures

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

(b) a visual hull (c) an objectboundary

(d) a differenceiamge (e) a motion �o w

Fig. 1. Selectedframesof a simpleup-and-down motion,depicting
the �rst of the � ve cycles of the motion, togetherwith examplesof
its attributesassociatedwith frame1.

to highlight different attributes of m. As mentionedin
SectionIII, m encompassesthe changesof a variety of
attributes of the object. In this work, we focus on the
following time-varying attributes:

� the shapeof the object,
� the positionof the object,
� the objectappearance(e.g., intensityand texture),
� the velocity of the motion.

Considera 101-frameanimationvideoof a simpleobject
in a relatively simplemotion. As shown in Figure1(a),
the main spatiotemporalentity containedin the video is
a texturedspheremoving upwardsand downwardsin a
periodicmanner.

To obtain the time-varying attributesaboutthe shape
and position of the object concerned,we can extract
the visual hull of the object in each frame from the
backgroundscene.We can also identify the boundary
of the visual hull, which to a certainextent conveys the
relationshipbetweenthe objectandthe its surroundings
(in this simplecase,only the background).Figures1(b)
and(c) shows the solid andboundaryrepresentationsof
a visual hull. To characterizethe changesof the object
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appearance,we cancomputethedifferencebetweentwo
consecutive frames,and Figure 1(d) gives an example
differenceimage. We can also establisha 2D motion
�eld to describethe movementof the object between
eachpair of consecutiveframes,asshown in Figure1(e).
Thereis very largecollectionof algorithmsfor obtaining
suchattributesin the literature,andwe will describeour
algorithmic implementationin SectionVI.

Compilingall visual hull imagesinto a singlevolume
resultsin a 3D scalar�eld, which we call the extracted
objectvolume. Similarly, we obtain an objectboundary
volumeand a differencevolumewhich are also in the
form of 3D scalar �elds. The compilation of all 2D
motion �elds in a singlevolumetricstructuregivesus a
motion �ow into the form of a 3D vector �eld. Given
these attribute �elds of the spatiotemporalentity m,
we can now consider the creation of different visual
signaturesfor m.

Onecan�nd numerousways to visualizesuchscalar
and vector �elds individually or in a combinational
manner. Without over-complicatingthe userstudyto be
discussedin SectionV, we selectedfour typesof visu-
alization for representingvisual signatures.Each type
of visual signaturehighlights certain attributes of the
object in motion, and re�ects a strengthof a particular
volumeor �o w visualizationtechnique.All four typesof
visualizationcanbe synthesizedin real time, for which
we will give further technicaldetailsin SectionVI.

We alsochosethe horseshoeview [6] as the primary
view representation.Despite that it has an obvious
shortcoming(i.e., the x-axis on the right part of the
visualizationpoints to the oppositedirection of that on
the left), we cannotresistits enticingmeritsasfollows:

� It maximizesthe useof a rectangulardisplay area
typically available in a userinterface.

� It places four faces of a volume, including the
startingand �nishing frames,in a front view.

� It conveys the temporaldimensiondifferently from
the two spatialdimensions.

. Since our user study (SectionV) did not require the
humanobserver to identify a speci�c direction from a
visualsignature,on thewholethehorseshoeview served
the objectives of the userstudy better than other view
presentations.

A. TypeA: Temporal Visual Hull

This type of visual signaturedisplays a projective
view of the temporal visualhull of theobjectin motion.
Steadyfeatures,suchas background,are �ltered away.
Figure 2(a) shows a horseshoeview of the extracted
object volume for the video in Figure 1. The temporal

(a) Type A: temporalvisual hull

(b) Type B: 4-banddifferencevolume

(c) Type C: motion �o w with glyphs

(d) Type D: motion �o w with streamlines

Fig. 2. Four typesof visual signaturesof an up-and-down periodic
motion given in Figure1.

visual hull, which is displayedasan opaqueobject,can
be seenwiggling up anddown in a periodicmanner.

B. TypeB: 4-BandDifferenceVolume

Differencevolumesplayed an important role in [6],
whereamorphousvisual featuresrenderedusingvolume
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raycastingsuccessfullydepictedsomemotion eventsin
theirapplicationexamples.However, their useof transfer
functions encodedvery limited semanticmeaning.For
this work, we designeda specialtransferfunction that
highlights the motion and the changeof a visual hull,
while usinga relatively smalleramountof bandwidthto
convey the changeof object appearance(i.e., intensity
and texture).

Considertwo exampleframesandtheir corresponding
visual hulls, Oa and Ob in Figures 3(a) and (b). We
classifypixels in the differencevolumeto be computed
into four groupsasshown in 3(c),namely(i) background
(62Oa^ 62Ob), (ii) new pixels (62Oa^ 2 Ob), (iii)
disappearingpixels (2 Oa^ 62Ob), and(iv) overlapping
pixels(2 Oa^ 2 Ob). Theactualdifferencevalueof each
pixel, which typically results from a changedetection
�lter , is mappedto one of four bandsaccordingto the
groupthat the pixel belongsto. This enablesthe design
of a transfer function that encodessomesemanticsin
relation to the motion andgeometricchange.

For example,Figure2(b)wasrenderedusingthetrans-
fer function illustratedin Figure 3(d), which highlights
new pixels in nearly-opaquered and disappearingpix-
els in nearly-opaqueblue, while displayingoverlapping
pixels in translucentgrey andleaving backgroundpixels
totally transparent.Sucha visual signaturegivesa clear
impressionthat the object is in motion, andto a certain
degree,providessomevisual cuesto velocity.

(a) framesIa andIb (b) visual hulls Oa andOb

(c) 4 semanticbands (d) color mapping

Fig. 3. Two exampleframesand their correspondingvisual hulls.
Four semanticbandscan be determinedusing Oa and Ob, and an
appropriatetransfer function can encodesmore semanticmeaning
accordingto the bands.

C. TypeC: Motion Flow with Glyphs

In many video-relatedapplications,the recognitionof
motion is more importantthan that of an object.Hence
it is bene�cial to enhancethe perceptionof motion by
visualizingthemotion�o w �eld associatedwith a video.
This type of visual signaturecombinesthe boundary
representationof a temporal visual hull with arrow
glyphs showing the direction of motion at individual
volumetric positions. It is necessaryto determinean
appropriatedensityof arrows, astoo many would clutter
a visual signature,or too few would lead to substantial
information loss. We thereby used a combination of
parametersto control the densityof arrows, which will
be detailedin SectionVI. Figure 2(c) shows a Type C
visual signatureof a spherein an up-and-down motion.
In this particular visualization,colors of arrows were
chosenrandomly to enhancethe depthcue of partially
occludedarrows.

Note that there is a major difference betweenthe
motion �o w �eld of a videoandtypical 3D vector�elds
consideredin �o w visualization.In a motion �o w �eld,
eachvectorhastwo spatialcomponentsandonetemporal
component.The temporalcomponentis normally set to
a constantfor all vectors.We experimentedwith a range
of different constantsfor the temporalcomponent,and
found that a non-zeroconstantwould confusethe visual
perceptionof the two spatialcomponentsof the vector.
We therebychoseto setthe temporalcomponentsof all
vectorsto zero.

D. TypeD: Motion Flow with Streamlines

The visibility of arrow glyphs requires them to be
displayedin a certainminimum size,which often leads
to the problem of occlusion.One alternative approach
is to usestreamlinesto depictdirectionof motion �o w.
However, becauseall temporalcomponentsin themotion
�o w �eld are equal to zero, eachstreamlinecan only
�o w within the x-y planewherethe correspondingseed
resides,and it seldom�o ws far. Hencethereis often a
denseclusterof short streamlines,making it dif�cult to
usecolor for direction indication.

To improve the senseof motion and the perception
of direction,we mappeda zebra-like dichromic texture
to the line geometry, which moves along the line in
the direction of the �o w. Although this can no longer
be considerstrictly as a static visualization,it is not in
any waystrying to recreatean animationof the original
video.The dynamicsintroducedis of a �x ed numberof
steps,which areindependentfrom the lengthof a video.
Thetime requirementfor viewing of sucha visualization
remainsto be O(1). Figure 2(d) shows a static view of
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sucha visual signature.The perceptionof this type of
visual signaturesnormally improves when the size and
resolutionof the visualizationincrease.

V. A USER STUDY ON V ISUAL SIGNATURES

Thediscussionsin theprevioussectionsnaturallylead
to many scienti�c questionsconcerningvisualsignatures.
The followings are just a few examples:

� Can usersdistinguishdifferent typesof spatiotem-
poral entities (i.e., types of objects and types of
motion individually andin combination)from their
visual signatures?

� If the answerto the above is yes,how easyis it for
an ordinaryuserto acquiresuchan ability?

� What kind of attributesare suitableto be featured
or highlightedin visual signatures?

� What is the mosteffective designof a visual signa-
ture, and in what circumstances?

� What kind of visualizationtechniquescan be used
for synthesizingeffective visual signatures?

� How would the variations of camera attributes,
such as position and �eld of view, affect visual
signatures?

� How would the recognition of visual signatures
scalein proportionto thenumberof spatiotemporal
entitiespresent?

.
Almost all of thesequestionsarerelatedto thehuman

factorsin visualizationandmotion perception.Thereis
no doubtthatuserstudiesmustplay a part in our search
for answersto thesequestions.As anintegral partof this
work, we conducteda userstudyon visual signatures.

Becausethis is the�rst userstudyon visualsignatures
of objectsin motion, we decidedto focusour study on
the recognitionof typesof motion.We thereforeset the
main objectivesof this userstudyas:

1) to evaluatethe hypothesisthat userscan learn to
recognizemotionsfrom their visual signatures.

2) to obtaina setof datathatmeasuresthedif�culties
and time requirementsof a learningprocess.

3) to evaluate the effectiveness of the above-
mentionedfour typesof visual signatures.

A. Typesof Motion

As mentionedbefore,anabstractvisual representation
of a video is essentiallya 2D projective view of our
4D spatiotemporalworld. Visualsignaturesof spatiotem-
poral entities in real life videos can be in�uenced by
numerousfactorsand appearin variousforms. In order
to meet the key objectives of the user study, it was
necessaryto reduce the number of variables in this

scienti�c process.Wehenceusedsimulatedmotionswith
the following constraints:

� All videosfeatureonly onesphereobjectin motion.
Theuseof sphereminimizesthevariationsof visual
signaturesdue to camerapositionsand perspective
projection.

� In eachmotion, the centreof the sphereremains
in the samex-y plane,which minimizesthe ambi-
guity causedby the changeof object size due to
perspective projection.

� Sincethe motion function is known, we computed
most attribute �elds analytically. This is similar to
an assumptionthat the sphereis perfectly textured
andlit andwithout shadows,whichwould minimize
theerrorsin extractingvariousattribute �elds using
changedetectionandmotionestimationalgorithms.

We considerthe following seven typesof motion:

1) Motion Case1: No motion— in which the sphere
remainsin the centreof the imageframethrough-
out the video.

2) Motion Cases2-9: Scaling— in which the radius
of the sphereincreasesby 100%, 75%, 50% and
25%,anddecreasesby 25%,50%,75%and100%
respectively.

3) Motion Cases10-25: Translation— in which the
spheremoves in a straight line in eight different
directions.(i.e., 0� ;45� ;90� ; : : : ;315� ) andtwo dif-
ferentspeeds.

4) Motion Cases26-34: Spinning — in which the
sphererotatesaboutthe x-axis, y-axis and z-axis,
without moving its centre,with 1, 5 and9 revolu-
tions respectively.

5) Motion Cases35, 38, 41: Periodic up-and-down
translation— in which thespheremovesupwards
anddownwardsperiodically in threedifferent fre-
quencies,namely1, 5 and9 cycles.

6) Motion Cases36, 39, 42: Periodic left-and-right
translation— in which the spheremovestowards
left and right periodically in three different fre-
quencies,namely1, 5 and9 cycles.

7) Motion Cases37, 40, 43: Periodic rotation — in
which the sphereabout the centre of the image
frame periodically in three different frequencies,
namely1, 5 and9 cycles.

The �rst four typesare consideredto be elementary
motions. The last three are compositemotions which
can be decomposedinto a seriesof simple translation
motions in smaller time windows. Figure 4 shows the
four different visual signaturesfor each of the � ve
examplecases.
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(a) Motion Case1: the sphereis stationary

(b) Motion Case2: the radiusof the sphereincreasesby 100%

(c) Motion Case25: the spheremoves towardsthe upright cornerof the imageframe

(d) Motion Case31: the spherespinsaboutthe z-axiswithout moving its center

(e) Motion Case40: the spheremakes5 rotationsaboutthe centreof the imageframe

Fig. 4. Four typesof visual signaturesfor � ve examplemotion cases.From left to right: Type A (temporalvisual hull), Type B (4-band
differencevolume),Type C (motion �o w with glyphs),andType D (motion �o w with streamlines).

We did considerto include othercompositemotions,
such as the periodic scaling, and combined scaling,
translationand spinning,but decidedto limit the total
numberof casesin order to obtainan adequatenumber
of samplesfor each case while controlling the time
spentby eachobserver in the study. We also madea
consciousdecisionnot to includecomplex motionssuch
asdeformation,shearingandfold-over in this userstudy.

B. Method

1) Participants: Sixty nine observers(23 Female,46
Male) from the University of Wales Swanseastudent
community took part in this study. All observers had
normalor correctedto normalvisionandweregivena£2
book vouchereachasa small thankyou gesturefor their
participation.Data from two participantswereexcluded
from analysisastheir responsestimesweremorethan3
standarddeviationsoutsideof themean.Thus,datafrom

67 (22 Female,45 Male) observerswereanalyzed.
2) Task: Theuserstudywasconductedin 14 sessions

over a threeweekperiod.Eachsession,which involved
about4 or 5 observers, startedwith a 25 minutesoral
presentation,given by one of the co-authorsof this
paper, with the aid of a set of pre-written slides. The
presentationwas followed by a test, typically taking
about 20 minutes to complete.A piece of interactive
softwarewasspeciallywritten for structuringthe testas
well ascollecting the results.

Thepresentationprovidedanoverview of thescienti�c
backgroundandobjectivesof this userstudy, andgavesa
brief introductionto the four typesof visual signatures,
largely in the terminology of a layperson.It outlined
the steps of the test, and highlighted some potential
dif�culties andmisunderstandings.As part of a learning
process,a total of 10 motionsand 11 visual signatures
wereshown asexamplesin the slides.

The test was composedof 24 experimenttrials. On



TECHNICAL REPORT CSR-19-2005(NOVEMBER 2005) 8

eachtrial, theobserverwaspresentedwith between1 and
4 visual signaturesof a motion.The taskwassimply to
identify theunderlyingmotionpatternby selectingfrom
the4 alternativeslistedat thebottomof thescreen.This
selectionwas achieved by clicking on the appropriate
radio button. Both the speedand the accuracy of this
responsewere measured.As observerswere allowed to
correctinitial responses,the�nal reactiontimewastaken
from the point whenthey proceedto thenext part of the
trial.

The secondpart of the trial was designedto provide
feedbackand training for the observers to increasethe
likelihood of learning. It also provided a measureof
subjective utility, that is, how useful observers found
eachtypeof visualsignature.In this part,theunderlying
motionclip wasshown in full togetherwith all four types
of visual signatures.The task was simply to indicate
which of the four visual signaturesappearedto provide
the most relevant information. This was not a speeded
responseandno responsestime wasmeasured.

At the end of the experiment,observers were also
asked to provide an overall usefulnessrating for each
type of visual signature.A rating scalefrom 1 (least)to
5 (most)effective wasused.

3) Design: The 24 trials in eachtest were blocked
into 4 equal learning phases(6 trials per phase) in
which theamountof availableinformationwasvaried.In
the initial phaseall 4 visual signatureswere presented,
providing the full rangeof information.In eachsucces-
sive phase,the numberof available representationswas
reducedby one,sothat in the�nal phaseonly onevisual
signaturewasprovided.This �x edorderwasimposedso
that observers would receive suf�cient training before
being presentedwith minimum information. For each
observer a randomsub-setof the 43 motion caseswere
selectedand randomlyassignedto the 24 experimental
trials. For eachcase,the 4 possibleoptionswere �x ed.
Thepositionof optionswashowever randomizedon the
screenon an observer by observer basis to minimize
simple responsestrategies.

C. Resultsand Remarks

The user study provided with a large volume of
interestingdata,from which we have gainedsomeuseful
insight about the likely correlation among types of
motion, types of visual signatures,types of users,and
processof learning. Here we provide some summary
data for supportingour major �ndings. We will brie�y
list someof our other observations at the end of this
section.

Table I gives the meanaccuracy (in percentage)and
responsestime (in second)in relation to motion types.

We can clearly observe that for sometypesof motion,
such as scaling and motionlessness,the successrate
for positive identi�cation of a motion from its visual
signatures.Meanwhile,the responsestime alsoindicates
that thesetwo types of motion are relatively easy to
recognize.Note that we only include the responses
times of thosesuccessfultrials in calculatingthe mean
responsestime.

Spinning motion appearsto be the most dif�cult to
recognize.This is becausetheprojectionof thespherein
motionmaintainsthesameoutlineandpositionthrough-
out the motion. As we can see from Figure 4, the
temporal visual hull of Motion Case 31 which is a
spinning motion, is identical to that of Motion Case
1 which is motionless.This renders Type A visual
signaturetotally ineffective in differentiateany spinning
motion from motionless.

For thetranslationalmotions,includingtheelementary
motion in onedirection,andcombinationalmotion with
periodicalchangeof directions,it generallytakes time
for theobserversto work out themotionfrom theirvisual
signatures.

TABLE I

MEAN ACCURACY AND RESPONSES TIME IN RELATION TO

MOTION TYPES.

Accuracy Responsestime (in second)

Static 87.5% 19.9
Scaling 89.3% 14.0
Translation 67.9% 22.6
Spinning 50.6% 24.0
Periodic 63.0% 24.7

Table II gives the meanaccuracy (in percentage)and
responsestime (in second)in eachof the four phases.
Fromthedata,we canobserve anunmistakabledecrease
of responsetime following the progressof the test.
However, the improvement of the successrate is less
dramatic,andin fact the trendreversedin Phase4. This
in fact was not a surpriseat all. Becausethe design
of the userstudy featuredthe reductionof the number
of visual signaturesfrom initially four in Phase1 to
�nally one in Phase4, the taskswere becominghard
when progressingfrom one phase to another. There
was a steadyimprovement of accuracy from Phase1
to Phase3. This indicating that the observers were
learningfrom their successesand mistakes.The results
have also clearly indicated that when only one visual
signatureavailable,the observersbecamelesseffective,
and appearedto have lost some of the `competence'
gainedin the �rst threephases.

One likely reasonis that a single visual signatureis
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often ambitious.The fact that Motion Cases1 and 31
in Figure 4 sharethe sameType A visual signatureis
oneexampleof many suchambitioussituations.Another
possiblereasonis that the lack of a con�rmation process
basedon a secondvisual signaturemay have resultedin
moreerrorsin the decisionprocess.

TABLE II

MEAN ACCURACY AND RESPONSES TIME IN EACH PHASE.

Accuracy Responsestime (in second)

Phase1 66.7% 30.8
Phase2 70.1% 22.2
Phase3 72.1% 17.5
Phase4 62.9% 13.4

Figure5 shows theaccuracy in relationto eachtypeof
motion in eachphase.We canobserve that the spinning
motionseemedto bene�t morefrom having multiple vi-
sualsignaturesavailableat thesametime.Thenoticeable
deceaseof the numberof positive identi�cation of the
motionlessevent in Phase3 may alsobe causedby the
dif�culties in differentiating it from spinning motions.
Figure6 shows a consistentreductionof responsestime
for all typesof motion.

Figure 7 summarizesthe preferenceof observers in
terms of types of visual signatures.For each types
of motion, the preferenceshown by the observers has
largely re�ected the effectivenessof eachtype of visual
signatures.Note that as the number of appearanceof
eachtype of motioncorrespondsto the numberof cases
in eachtype of motion. For example,as there is only
onemotionlesscase,the total numberof `votes' for the
`static' category is much lower than other types.Note
that the Type C visual signaturewas consideredto be
the mosteffective in relation to the spinningmotion.

Theoverall preference(shown on theright of Figure7
wascalculatedby putting all `votes' togetherregardless
thetypeof motioninvolved.Thiscorrespondsreasonably
well with the �nal scores,rangingbetween1 (least)to 5
(most)effective, given by the observersat the end.The
meanscoresfor the four typesof visual signaturesare
A:2.6, B:4.0, C:3.6 andD:3.1 respectively.

We havealsomadesomeotherobservations,including
the followings

� There was no consistentor noticeabledifference
betweendifferentgendersin their successrate.

� Therewasmorenoticeabledifferencebetweendif-
ferent agegroups.For instance,the `less than 20'
agegroupdid notperformwell in termsof accuracy.

� Therelative lower scoresreceivedby TypeD visual
signaturemay be partially affected by the size of
the image used in the test. The display of such

Fig. 5. The meanaccuracy, measuredin eachof the four phases,
categorizedby the typesof motion.

Fig. 6. The meanresponsestime, measuredin eachof the four
phases,categorizedby the typesof motion.

a visual signatureon a projection screenreceived
morepositive reactionfrom the observers.

� Periodictranslationeventswith more than5 and9
cyclesareeasierto recognizethanthosewith only
onecycle.

� Theobserversweremadeawareof theshortcoming
of thehorseshoeview, andmostbecameaccustomed
to the axis �ipping scenario.

VI. SYNTHESIZING V ISUAL SIGNATURES

Figure 8 shows the overall technicalpipeline imple-
mentedin this work for processingcapturedvideosand
synthesizingabstractvisual representations.The main
developmentgoalsfor this pipelinewere:

� to extract a variety of intermediatedata sets that
representattribute �elds of a video. Suchdatasets
includeextractedobjectvolume,differencevolume,
boundaryvolumeandoptical �o w �eld.

� to synthesizedifferent visual representationsusing
volumeand �o w visualizationtechniquesindividu-
ally aswell as in a combinedmanner.

� to enablereal-timevisualizationof deformedvideo
volumes(i.e., the horseshoeview), andto facilitate
interactive speci�cation of viewing parametersand
transferfunctions.
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Fig. 7. The relative preferenceof eachtype of visual signatures,
presentedin the percentageterm, and categorized by the types of
motion. The overall preferenceis alsogiven.

In additionto thispipeline,thereis alsoasoftwaretool
for generatingsimulatedmotion datafor our userstudy
describedin SectionV. In thefollowing two sections,we
brie�y describethe two groupsof functionalmodulesin
the pipeline.

A. Video Processing

Given a video V stored as a sequenceof images
f I1; I2; : : : ; Ing, the goal of the video processingmodules
is to generateappropriateattribute �elds, which include:

� Extracted Object Volume — which is stored as
a sequenceof imagesf O1;O2; : : : ;Ong. For each
video, we manually identify a referenceimage,
Iref , which representsan empty scene.We then
use a changedetection�lter , Oi = F o(Ii ; Iref ); i =
1;2; : : : ;n, to computethe extractedobjectvolume.
For the applicationcasestudiesto be discussedin
SectionVII, we employed the improved versionof
the linear dependencedetector(LDD) [9] asF .

� 4-BandDifferenceVolume— which is alsostoredas
a sequenceof imagesf D2;D3; : : : ;Dng. We canalso
usea changedetection�lter , Di = F 4bd(Ii� 1; Ii); i =
2;3; : : : ;n, to compute a difference volume. We
designedandimplementedsucha �lter by extending
theLDD algorithmto includethe4-bandclassi�ca-
tion describedin IV-B.

� Object BoundaryVolume — which is storedas a
sequenceof imagesf E1;E2; : : : ;Eng. Thiscaneasily
becomputedusingapplyinganedgedetection�lter
to either imagesin the original volume, or those
in the extractedobject volume. For this work, we
utilized the public domain software, pamedge, in
Linux for computingthe object boundaryvolume
asEi = F e(Oi); i = 1;2; : : : ;n.

� OpticalFlow Field — which is storedasa sequence
of 2D vector �elds f F2;F3; : : : ;Fng. In video pro-
cessing,it is commonto computea discretetime-
varying motion �eld from a video by estimating

Video Processing

Rendering

extracted
object

volume

optical
flow
field

pre-
computed
seed list

4-band
difference
volume

object
boundary
volume

Change
Detection

Edge
Detection

Optical Flow
Estimation

Seed
Generation

captured
video
data

Load Data into the Framework

Create Geometry and Fill Volume

Volume Slicer

Slice Tesselator

Horseshoe Bounding Box Renderer

Horseshoe Flow Geometry Renderer

Horseshoe Volume Renderer

User

Display

Interface
and

Visualization

abstract
visual

representation

Fig. 8. Thetechnicalpipelinefor processingvideoandsynthesizing
abstractvisual representations.Data�les areshown in pink, software
modulesin blue, andhardware-assistedmodulesin yellow.

the spatiotemporalchangesof objects in a video.
Theexisting methodsfall into two majorcategories,
namelyobjectmatching andoptical �ow [29]. The
former (e.g., [1]) involves the knowledgeof about
someknown objects such as its 3D geometryor
IK-skeleton,The latter (e.g., [13], [2], [26]) is less
accuratebut canbe appliedto almostany arbitrary
situation.To computeoptical �o w of a video, we
adoptedthe gradient-baseddifferential methodby
Horn andSchunck[13]. Theoriginal algorithmwas
publishedin 1981,and many variationshave been
proposedsince.Our implementationwas basedon
the modi�ed versionby Barronet al. [2], resulting
in a �lter Fi = F of (Ii� 1; Ii); i = 2;3; : : : ;n.

� SeedList — which is storedas a sequenceof text
�les f S2;S3; : : : ;Sng, eachcontainsa list of seedsfor
the correspondingimage.We implementeda seed
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generation�lter , which computesa seed�le from a
vector �eld asSi = F s(Fi); i = 2;3; : : : ;n. Thereare
threeparameters,whichcanbeusedin combination,
for controlling the density of seeds,name grid
interval, minimal vector length, and probability in
randomselection.

B. GPU Rendering

The renderingframework was implementedin C++,
using Direct3D as the graphics API and HLSL as
the programminglanguagefor the GPU. It realizesa
publisher-subscribernoti�cation conceptwith a shared
state interface for data storageand interchangeof all
components.Following the principle of separation of
concerns[7], the rendereris split into three reasoned
layers:

� ApplicationLayer— whichhandlesuserinteraction
andapplicationlogic.

� Data Layer — which storesall necessarydata(e.g.
volume data,vector �elds, transferfunctions,seed
points,tracelines).

� RenderingLayer — which containsall algorithmic
componentsfor volumeandgeometryrendering.

The communicationbetweendifferent layers for ex-
changinginformationis oneof themostimportantfunc-
tionsin this framework. We implementedthis functional-
ity throughthesharedstate, whichde�nesanenumerator
of a set of uniquely de�ned state variables, storing
pointersto all subscribedvariablesand datastructures.
Hence,all layershave accessto necessaryinformation
throughsimple `getter' and `setter' interface functions,
independentof the datatype. The return valueof these
functionsprovidesonly a pointerto thememoryaddress
of the storeddata, and thus minimizes the amountof
data�o w.

As our renderingframework usesprogrammablehard-
ware achieve real-time rendering,it needsto map all
renderingstagesto thearchitectureof theGPUpipeline.
For volume rendering,this can be centralizedby two
major terms,namely proxy geometrygeneration as in-
put to GPU geometryprocessingand renderingof the
volume as part of the GPU fragment processing.Our
implementationof the texture-basedhorseshoevolume
rendereris partly basedon an existing GPU volume
renderingframework [30].

Sincetheframework needsto supportbothvolumeand
�o w visualization,it is necessaryto introducethedisplay
of real geometryin the renderingpipeline.We therefore
extendedthe pipeline to include � ve succeedingstages,
which are illustratedin Figure8, andoutlinedbelow.

� The �rst two modules (in yellow) generatesthe
proxy geometrythat is usedto sampleand recon-
struct the volume on the GPU. First, the Volume
Slicer modulecreatesa set of view-alignedproxy
slices accordingto the current view direction and
sampling distance,and it storesa pointer to the
buffer in the sharedstate.

� Thoseslice polygonsare then triangulatedby the
Slice Tesselator, which createsvertex and index
buffers, and storesa pointer to them in the shared
state,to be usedlater on by the HorseshoeVolume
Renderer.

� The HorseshoeVolume Renderer module triggers
the actual volume renderingprocesson the hard-
ware, passingthe vertex buffer, the index buffer,
and the 3D volumetexture to it.

� The two interposed geometry-basedmodules,
HorseshoeBoundingBox Renderer andHorseshoe
Flow GeometryRenderer arenot partof thevolume
rendering process,but rather create and directly
rendergeometrysuchasarrows, tracelinesand the
deformedboundingbox.

Technically, it is more appropriate to run both
geometry-basedmodulesprior to the HorseshoeVolume
Renderer module.Hence,the renderingprocessis actu-
ally executedas follows. The horseshoeboundingbox
is �rst drawn with full opacity, depth-writinganddepth-
testingturnedon. Then, the �o w geometryis rendered
to the framebuffer with traditionala -blending.Finally,
depth-writing is turned off, and the proxy geometryis
rendered,usinga -blendingto accumulateall individual
slices to the frame buffer. The reconstructedvolume
blendsinto thethegeometrydrawn by thetwo geometry-
basedmodules.By using this order of rendering,it is
assuredthat the geometry, suchas the boundingbox, is
not occludedby the volume.Furthermore,the intensity
of objectsthat are placedinside the volume, are more
attenuatedby the volume structures,the farer they are
behindthem.This leadsto animproveddepthperception
for the users.

Table III gives the performanceresultsfor the 200�
200� 100 datasetsusedin the userstudy. The timing
is given in frames per second(fps).All timings were
measuredon a standarddesktop PC with a 3.4GHz
Pentium4 processoranda NVIDIA GeForce7800GTX
basedgraphicsboard.

VII . APPLICATION CASE STUDIES

We have applied our understandingand developed
the techniquesto a set of video clips collectedin the
CAVLAR project [10] as benchmarkingproblemsfor
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TABLE III

PERFORMANCE RESULTS FOR THE CASE STUDY DATASETS.

Viewport size 800� 600 1024� 768 1280� 1024

300 slices 25.8 16.5 9.4
600 slices 12.9 8.3 4.7

(a) a selectedimageframe

(b) extractedobjects (c) 4-banddifference

(d) a computedoptical �o w

Fig. 9. A selectedscenefrom the video `Fight OneManDown'
collectedby the CAVLAR project [10], and its associatedattributes
computedin the video processingstage.

computervision.In particular, weconsideredacollection
of 28 video clips �lmed, in the entrancelobby of the

INRIA Labsat Grenoble,France,from a similar camera
position using a wide angle lens. Figure 9(a) shows a
typical frame of the collection, with actorshighlighted
in red, non-actingvisitors in yellow. All videos have
the sameresolutionwith 384� 288 pixels per frameand
25 frames per second.As all videos are available in
compressedMPEG2, there is a noticeableamount of
noise which presentsa challengeto the synthesisof
meaningfulvisualrepresentationsfor thesevideoclipsas
well asautomaticobjectrecognitionin computervision.

The video clips recordeda variety of scenariosof
interest, include people walking alone and in group,
meetingwith others,�ghting andpassingout, and leav-
ing a packagein a public place.Becausethe relatively
high camerapositionandalmostall motionstook place
on the ground, the view of the sceneexhibits some
similarity to the simulatedview usedin our userstudy.
It is thereforeappropriateandbene�cial to examinethe
visual signaturesof different types of motion events
featuredin thesevideos.

In this work, we testedseveral changedetectional-
gorithms as studied in [6], and found that the linear
differencedetectionalgorithm [9] is most effective for
extracting an object representation.As shown in Fig-
ure 9(b), there is a signi�cant amountof noise at the
lower left part of the image,where the sharpcontract
between external lighting and shadows is especially
sensitive to the minor cameramovements,andthe lossy
compressionalgorithm used in capturing these video
clips. In many video clips, there were also non-acting
visitors browsing in that area,resulting in more com-
plicatednoisepatterns.Using the techniquesdescribed
in SectionVI-A, we alsocomputeda 4-banddifference
imagebetweeneachpair of consecutiveframesusingthe
�lter F 4bd (Figure9(c)), andan optical �o w �eld using
the �lter F of (Figure9(d)).

Figure 10 shows the visualization of three
video clips in the CAVLAR collection [10]. In the
`Fight OneManDown' video, two actors �rst walked
towardseachother, thenfought. Oneactorknocked the
other down, and left the scene.From both Type B and
Type C visualization,we can identify the movements
of people, including the two actors and some other
non-actingvisitors. We can also recognizethe visual
signaturefor the motion when one of the actor was on
the �oor . In Type B, this part of track appearsto be
colorless,while in Type C, thereis no arrow associated
with the track. This henceindicatesthe lack of motion.
In conjunction with the relative position of this part
of the track, it is possibleto deducethat a personis
motionlesson the �oor .

We can observe a similar visual signature in part
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(a) Five framesfrom the `Fight OneManDown' video, togetherwith its Type B andType C visualization.

(b) Threeframesfrom the `Meet WalkTogether2'video, (c) Threeframesfrom the `RestSlumpOnFloor'video,
togetherwith its Type C visualization. togetherwith its Type C visualization.

Fig. 10. The visualizationsof threevideo clips in the CAVLAR collection [10], which featurethreedifferent situationsinvolving people
walking, stoppingand/orfalling onto the �oor .

of the track in Figure 10(c). We may observe that in
Figure 10(b), partsof the two tracksalso appearto be
motionless.However, there is no signi�cant changeof
the height of the tracks. In fact, the motionlessnessis
due to the fact that two actorsin Figure 10(b) stopped
to greeteachother.

Figure 11 shows three different situationsinvolving
people leaving things around in the scene.Firstly, we
can recognize the visual signature of the stationary
objects brought into the scene(e.g., a bag or a box)
in Figures11(a), (b) and (c). We can also observe the
differenceamongthree. In (a), the owner appearedto
have left the sceneafter leaving an object (i.e., a bag)
behind.Someone(in fact it wasthe owner himself) late
cameback to pick up the object. In (b), an object (i.e.,
a bag) was left only for a short period, and the owner

wasnever far from it. In (c), the object(i.e., a box) was
left in the scenefor a long period, and the owner also
appearedto walk away from the object in an unusual
pattern.

Visual signaturesof spatiotemporalentities in real
life videos can be in�uenced by numerousfactorsand
appearin variousforms. Suchdiversity doesnot in any
way underminethe feasibility of video visualization,
and on the contrary, it ratherstrengthensthe argument
for involving the `bandwidth' of the human eyes and
intelligence in the loop. The above examplescan be
seenas further evidenceshowing the bene�ts of video
visualization.
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(a) Five framesfrom the `LeftBag' video, togetherwith its Type B andType C visualization.

(b) Type C visualizationfor the `LeftBag PickedUp' video (c) Type C visualizationfor the `LeftBox' video

Fig. 11. The visualizationsof threevideo clips in the CAVLAR collection [10], which featurethreedifferent situationsinvolving people
leaving thingsaround.We purposelyleft out the original video framesfor the `LeftBag PickedUp' andLeftBox' videos.

VIII . CONCLUSIONS

We have presenteda broadstudyof visual signatures
in video visualization.We have successfullyintroduced
�o w visualizationto assistin the depictingmotion fea-
turesin visual signatures.We found that the �o w-based
visualsignatureswereessentialto certaintherecognition
of certain types of motion, such as spinning, though
they appearedto demandmore display bandwidthand
more effort from observers. In particular, in our �eld
trial, combinedvolumeand�o w visualizationwasshown
to be more the most effective meansfor conveying the
underlyingmotion actionsin real-life videos.

We have conducteda userstudy, which provided us
with an extensive setof usefuldataabouthumanfactors
in video visualization.In particular, we have obtained
the �rst set of evidenceshowing that humanobservers
canlearnto recognizetypesof motion from their visual
signatures.Consideringthat themostobservershadlittle
knowledge about visualization technology in general,
over80orabovesuccessratewithin a 45 minutelearning
process.Someof the �ndings obtainedin this userstudy

have also indicatedthe possibility that perspective pro-
jection in a video may not necessarybe a major barrier,
since human observers can recognizesize changesat
ease.We will conductfurtheruserstudieson in this area.

We have designedand implementeda pipeline for
supportingthe studieson video visualization.Through
this work we have alsoobtainedsome�rst-hand evalua-
tion asto the effectivenessof differentvideo processing
techniquesandvisualizationtechniques.

While thispaperhasgivena relatively broadtreatment
of the subject,it only representsthe startof a new long
term researchprogram.
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