Perceptualimits on 2D motion eld visualization

Catgyoriesand SubjectDescriptors:1.3.7 [Computer Graphics]: Three-DimensionaGraphicsand Realism—
Animation

The visualizationof 2D vector elds is a classicalproblemin computergraphics. This
paperconcernD vector elds thatarede ned by imagemotion,suchthateachvectorin
adenseeld de nesa?2D imagevelocity. Standardexamplesarethe projectedmotionin
animageplaneasseenby anobsenrer, or themotion eld of a2D uid acrossasurface.

A wide rangeof techniquesreavailablefor visualizing2D motion elds. For example,
seereview in [Larameeetal. 2004]. Somerepresentheindividual 2D vectorswith anicon,
for example,anarron. Othersreplacethearrown by a eld of elongatedspots[Wijk 1991].
Theline integralconvolution(LIC) methodCabralandLeedom1993]depictsstreamlines,
which areintegral curvesthroughthe vector eld. Many of thesetechniqueshave both
singleframe (static) and multi-frame (dynamic)versions.Recentdynamicmethodshave
taken advantageof programmablegraphicshardwareto producevisualizationsof time-
varying2D vector elds in realtime.

A centralthemein 2D motion eld visualizationis the trade-of betweerthe computa-
tion time andaccurag. For example,the original staticLIC method[CabralandLeedom
1993]is computationallyery expensve, aseachpixel requiresits own streamlineto be
computedat sub-pidel accurag. FasterLIC methodssacri ce accurag by computingcor-
rectstreamline®nasparsesubsebdf pixelsandapproximatestreamlinedor theremaining
pixels[StallingandHege 1995]. Anotherexampleis 2D texture advectionmethodswhich
deformthetexture coordinate®f a meshandwhich introducenoisein eachframeto visu-
ally maskthe meshedgeqvanWijk 2002].

The purposeof this paperis not to improve on existing 2D o w visualizationmeth-
ods, but ratherto considerthe limits of how well peoplecanperceie motion elds from
suchvisualizations.We arguethatthe reasonmary visualizationmethodsget away with
making approximationss that the humanvisual systemcannotdetecttheseapproxima-
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tionsbecausef fundamentalimits in processinguchmotion elds. Attemptshave been
madeto identify andhow well humanobsenersperceve 2D o w [Laidlaw et al. 2005]
for quite complex elds, but theseare mostly for the caseof static2D visualizations.In
the psychophysictiterature thelimits of motion eld perceptuahave beenstudiedfor the
dynamiccase put only usingsimplevector elds (seereview in Sec.2).

Our analysisof motion eld visualizationmethodsincludesboth LIC and 2D texture
adwectionmethods. Speci cally, blurring of a noiseimagealong streamlinesasin LIC
canbe expresseds2D motion blur, andcanbe analyzedusingtoolsfrom linear systems
theory This provides a bridge to link the analysisof dynamicLIC to the analysisof
2D texture adwectionmethods.Our main resultof this analysisis a tradeof betweerthe
staticmotionblur cuewhich indicatesthe directionof motionandthe dynamiccuewhich
indicateshe speed.

Anotheraspecif motion elds thatwe addresss that, eventhoughmary 2D o w vi-
sualizatiormethodsaredesignedor asingle2D velocity eld, thevisualizationsareoften
usedto illustrate multiple layers. For example,a foreground o w might be superimposed
on a staticbackgroundmage,asin the caseof cloudsmoving overa mapon atelevision
weatherreport. The factthatthe foregroundandbackgroundmagesmaskeachotheris
hardly surprising,but quantitatve detailsaboutthis maskingarerarely presentedn the
visualizationliterature.

Section2 brie y reviews severalpsychophysicadtudiesof the perceptiorof 2D motion
elds, includingthesensitvity to spatialgradientsn a eld, thenumberof distinctlayersin
a eld, andtherole of staticspatialorientationcuesincludingmotionblur. The purposeof
thisbriefreview is to pointto thisrich literature andto introduceseveraldistinctperceptual
limitations.

In Section3, we presenta spectralanalysisof 2D motion elds. We concentrateon
LIC-basedmethodsandcomparestaticanddynamicLIC. LIC methodscomputea stream-
line passinghrougheachpixel andblur anunderlyingimage(typically noise)alongeach
streamline LIC canthusberegardedasdepictingmotionblur alongstreamlinesSpeci -
cally, intensitiesin the LIC imagearehighly correlatedalongeachstreamline but uncor
relatedin thedirectionperpendiculato eachstreamline.

StaticLIC is usefulfor visualizingthedirectionof the streamlineateachimageposition,
upto a180degreeambiguity[Laidlaw etal. 2005]. It is lessusefulfor depictingthespeed
of motionalongastreamlinehowever. Althoughspeedtanbeillustratedto someextentin
staticLIC, e.g.by varyingthespatialscaleof theunderlyingimageprior to theconvolution
alongintegral curves[Kiu andBanks1996], a more naturalway to illustrate speeds to
usedynamicLIC (animation).

DynamicLIC methodsmodulatethe corvolution kernelof eachstreamline.Motion is
createdby shifting the phaseof a sinusoidalmodulationfrom frameto frame. Onecan
depictdifferentspeeddy spatiallyvaryingthefrequeng of the sinusoidwhile holdingthe
phasechangeconstanfCabralandLeedom1993]or by spatiallyvaryingthe phasechange
while holdingthe spatialfrequeng constan{ForssellandCohen1995].

DynamicLIC methodsoperateon 1D streamlineonly, but the phaseshifting mecha-
nismis relatedto 2D noiseadwectionmethodausedby otherg[Freemaretal. 1991]. These
includerecent2D noiseadwectionmethodsvhich take advantageof graphicshardwareto
computetexture deformationsrom frameto frame [van Wijk 2002]. In thesemethods,
eachpixel's intensityis computedby blendingtwo layers;the rst layeris the adwected
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intensitiesfrom the previous frame,andthe secondayer is additive noise. Clearly these
latter methodsrely on maskingin humanvision, but quantitatve studiesof suchmasking
have notbeencarriedout, to our knowledge.

We now brie y review a setof humanpsychophysicastudiesthat have addressedhow

well thehumanvisualsystempercevesmotion elds. Threeaspect®f motionperception
areaddressedsensitvity to spatialgradientssensitvity to multiple motionlayers,andthe

role of motionblur.

In oneearly study theimagedomainwasdivided into two halves,eachhaving arandom
dot noisepatternmoving at somevelocity [van Doorn andKoenderink1982b]. The au-
thorsexaminedthe sensitvity to the velocity differencebetweernthetwo elds. A Weber
law wasfound suchthat sensitvity dependean theratio of the velocity differenceto the
averagevelocity. In asimilar study[vanDoornandKoenderinkl982a] theview eld was
divided into several parallelstripescontainingmoving white noise,suchthat alternating
stripeshadvelocitiesin oppositedirections. Obsenerscould detectbroadstripesbut, as
the stripesbecamenarrowver, the motion eld becamencoherent. Surprisingly for very
narrow stripesthemotion eld waspercevedastwo overlappingtransparenkayers,mov-
ing in oppositedirections.A similar study[Mestreetal. 2001]variedthespeeddut notthe
direction betweerthe alternatingstripesandfound similar results. To perceve narrover
stripes,obsenersrequireda higherspeedifferencedetweerstripesandagaintwo super
imposedayerswereobsenedfor very narrav stripes.Anotherstudyusedbandpassioise
ratherthan white noise[Watsonand Eckert 1994] and found that aslong asthe central
frequeng of the bandpassoisewassufciently greaterthanthe frequeng of the stripes
obsenerscould perceve the stripes,ratherthanincoherentmotion or two superimposed
motionlayers.

Severalof the above studiesshavedthatwhenthe spatialfrequeng of themotion eld in
asinglelayeris highandonly two velocitiesarepresenttwo layeredmotionis perceved,
with onevelocity per layer Indeedit is possibleto perceve up to three superimposed
global motion layers. [Andersen1989] usedmoving randomdots and consideredayers
with thesameamotiondirectionbut differentspeedsandfoundthatobsenerscouldidentify
upto threelayersof dots,but couldnotdistinguishbetweerthree four, and velayers.See
also[MestreandMassonl997]. Similarresultshave beenobtainedholdingspeedtonstant
andvarying the direction[Edwardsand Greenvwood 2005]. For all of thesestudies three
layerscanbe perceved only whenthe velocity vectorsdiffer sufciently in eitherspeed
anddirection(or presumablyboth). Otherwisesubjectgypically perceve only oneor two
layers[Treueetal. 2000].

Other studieshave investigatedhe conditionsunderwhich one versustwo layersare
perceved[Massonetal. 1999]. As in the caseof motiongradientsn Sec.2.1,it wasfound
the speedlifferenceneededo perceve two layersincreasedvith the meanspeed Others
studiesheld speedconstantand varied the directionsof the two layers. One suchstudy
[Braddick 1997] had obserersjudge whetherthe angle betweentwo layersof moving
dotswaslessthanor greateithan90 . Performancén thattaskwascomparedo a similar
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taskin which obsenersmadethesamed0 comparisorbetweerasinglemotionlayerand
astaticstraightline. Performancén the secondaskwasmuchbetterthanexpectedgiven
theperformancén the rst task,suggestinghe simultaneougperceptiorof thetwo motion
layers(requiredby the rst taskbut notthe secondjnvolvesanextracomputationatost.

Anotherstudy[Qian etal. 1994] manipulatedwo layersof dotsmoving in oppositedi-
rections,suchthatthe dotswerechoserin pairs(onedotfrom eachlayer)andhadlimited
lifetimes. Whenthetwo dotsin eachpair weremadesufciently closeto eachother ob-
senerscouldnotpercevetwo layersandthemotionappearedhcoherentThis experiment
providesfurtherevidenceof aninteractionbetweerhigh spatialfrequenciesn the motion

eld andthe perceptiorof multiple motionlayers.

Finally, we notethatall theabove studiesusedmaving noisepatternswithoutary spatial
cues.Otherstudieshave addressetioth motion cuesandspatialcues.For example,pairs
of moving parallellines or 2D sinusoidscangive rise eitherto one motion layer or two
motion layers, dependingon relative spatialfrequeng, orientation,speed/Adelsonand
Movshon1982],andpercevedtranspareng[Stoneretal. 1990].

We next considerspatialcuesandhow they interactwith motioncues.At low spatialfre-
guenciesthehumarnvisualsystemstemporalkontrassensitvity function(CSF)is roughly
bandpassyhereasthigh spatialfrequenciest is low pas§Robson1966;Koenderinkand
van Doorn 1966]. This impliesthatat low spatialfrequencieghe visual systemis more
sensitve to high imagespeedsandat high spatialfrequenciest is moresensitie to low
imagespeedsFor example the visual systemcandetectmuchlarger frame-to-framedis-
placementin imageshataredominatecoy low spatialfrequencieshanit canfor images
dominatecdby higherspatialfrequencieChangandJulesz1983].
A relatedresultinvolvesmotionblur. Considermnimagemoving with auniformvelocity

Vx Vy pixels/frame.The motionleadsto arelationshipbetweerspatialfrequeny fy fy
andtemporalffrequeng f; in the 3D frequeny domain,namelyall frequeny components

fx fy f; of thestimuluslie onamotionplane[WatsonandAhumadal985]

wix wify f O Q)

Becausf limited contrassensitvity, somespatio-tempordrequeny componentsf the
planeareattenuatedvhenthe speeds high. Spatialfrequeny componentsvith  fy fy
in the direction of motion vy vy Yyield high temporalfrequenciesf; and, becausehe
visual systemis low passat high temporalfrequenciesthesecomponentsre attenuated.
On the other hand,spatialfrequencieswith fy fy in the directionperpendiculato the
motionyield low temporalfrequenciesndarenot attenuatedThe effectis thatthevisual
system lters the moving imagesuchthatfrequeny components fy fy in the direction
of motionareattenuatedi.e. eachframeof theimagesequencés perceptuallydominated
by frequeny componentsvhosespatialstructureis orientedin the directionof motion.
Formally, aswe discussn Sec.3, theseorientationcuescanbe expressedsgreaterspatial
correlationin the directionof motion. It hasbeenshowvn thatspatialcorrelationsareused
by the visual systemasa spatialcueto the directionof motion[Geisler1999;Barlow and
Olshauser2004].

Finally, when only single framesare presenttheseorientationcuesde ne static 2D
ow elds. Many psychophysicastudieshave examinedthe perceptionof orientationin
static ow elds, for example,sensitvity to discontinuitiesn the o w direction[Link and
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Zucker 1985; Landy andBergen1991], sensitvity to alternatinggradientsn the o w di-

rection[Kingdom etal. 1995],andsensitvity to moregeneralo w deformationsncluding
cunature [Ben-Shahamand Zucker 2004]. In this paper we are lessinterestedn these
static o ws on their own, but ratherin how thesestatic ow elds giveriseto motionin a
particulardirectionandspeedastheimagechangedrom frameto frame.

We next analyzeatrade-of betweerthe 2D motioninformationthatis providedby static
motion blur, andthe informationthatis provided by intensitytranslationsfrom frameto
frame. The trade-of is reminiscentof the classicalapertureproblem[Marrand Ullman
1981], namelythat translationin the direction of an iso-intensitycontour(motion blur
direction)leadsto no intensitychangefrom frameto frame,andhenceprovidesno speed
information. We apply linear systemsheoryand analyzethis trade-of in the frequeny
domain.

We considera uniform velocity eld, vx vy , anda spatialnoisepatternthattranslates
from frameto framewith thatvelocity. Theimagesequenceanbe expresseds

I xyt I x wt modN y wt modN O

Herewe have assumedor mathematicatorveniencehatthe imagewrapsaroundat the
imageboundaries.

In Sec. 3.1, we analyzehow motion blur introducesstatic spatialcorrelationsin the
directionof motion. In Sec. 3.2, we showv thesespatialcorrelationsdecreasehe speed
informationin thedynamiccase.

The caseof a uniform velocity eld is corvenient,sincethe LIC corvolution kernelbe-
comesshift invariantin this case.LIC methodshave a parametet thatde nesthelength
of theline sggmentover which theline integrationoccurs. The greateris the valueL, the
greateris the spatialcorrelationbetweerpixels alongthe streamlinein the resultingLIC
image,andhencea morewell-de ned s thelocal orientationof the ow eld.

We assuminga constanthorizontal eld vx 0. LIC takesa spatialwhite noiseim-
agel xy andcorvolvesit with the LIC kernel. We canwrite this kernelasa separable
windowing functionh x d y whereh x is aHanningwindow,

1 2p
h x > 1 cosTx
with supportover 5 5 in thex direction,andd y is animpulseresponse
1y O
ay o9y o
TheresultingLIC imageis the convolution
e Xy |Ixy hxdy (2)

Becausehevelocity eld is constantvy O , theimageis blurredin thex directiononly.
Theamplitudespectrunof eachframeis

e fx fy i fx fy B
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Sincethe Hanning Iter h x is low pass,the amplitudespectrum leC fx fy isen-
velopedby a singleridge centeredn the fy axis. Thewidth of theridgeis the bandwidth
of h x whichisinverselyproportionato L. Sincethede nition of bandwidthis somevhat
arbitrary we keepthe notationsimpleandjust de ne thebandwidthto beN L.
FromtheWienerKninchintheoremtheinverseFouriertransformof thesquaredampli-
tudespectrunm(calledthe power spectrum)pf | |- X y is theautocorrelatiorfunction,

R dy dy aa e X dx modN y dymodN I ,- Xy
Xy

R dy O falls off from its maximumatdy O to a minimumvalueof O at dy % Also,
theexpectedvalueof R dy dy iszeroforarydy O, thatis, thereis no correlationacross
imagerows.

Figurel (a),(b) shavs anexampleof anl . x y images. Theimagesis obtainedby
takinga128 128white noiseimageandcorvolvingwithh x d y with length(a)L 63
and(b)L 31. Notethat,the correlationlengthis longerin (a) thanin (b), sincetheLIC
kernelintegratesoveralongerline segmentin (a). Becausehe correlationlengthin much
longerin (a), orientationis representedhoreaccuratelyin (a).

Fig. 1. All threeLIC imagesareN N 128 128pixels. (a) StaticLIC with L  63. (b) StaticLIC with
L 31.(c)DynamicLIC withL 63andf, 2

The dynamicLIC methodof [CabralandLeedom1993]modulatesa Hanning lter h x

with a sinusoidof frequeng f, cyclesperL pixels, and addsa unit pedestako ensure

thatthe Iter is positive everywhere. A typical valueof f; is 2. Motion is generatedy

changinghephaseof the Iter from frameto frame,reminiscenbf [Freemaretal. 1991].
De ne theeven lter,

2
h°xy dyhx 1 cosTpfox (3)
andso
he fx  hfy %ﬁfx fop hfx f (4

Thesuperscriptc” denotesacosinefunction.
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We cancreatemotionin the x directionwith speedvy by changingthe phasespectrum
from frameto frame, namelyby increasingthe phaseby 2p fyvx L radiansfrom frame
to frame. After changingthe phasespectrumin eachframe,we take the inverseFourier
transform.Thus,

lc Xyt LT R fy RO f @B
Usingthis method the amplitudespectrumis constanin eachframe,namely
e fx fy I fy Ry

Eq. (4) suggestshatthe amplitudespectrunconsistf threeridges. Thereis a central
ridgewhichis dueto the unit pedestal.e. the dc componenthatwasaddedto ensurethe
LIC Iter is positive everywhere. Therearealsotwo anking ridgeswhich are centered
at frequenciesfy f, cyclesperL pixels, andaredueto the sinusoidmodulation. In
fact, for small f,, thesethreeridgesoverlapconsiderablyandthe resultis an amplitude
spectrumwith only onesigni cant local maximum,namelyat fy 0.

Again,from theWienerKhinchintheoremtheautocorrelatiorfiunctionof eachframeof
theLIC imageis inverselyrelatedto thebandwidthof h® x , whichis 1 f, % For x ed
N L, this bandwidthis obviously larger thanin the static casebecausef the sinusoidal
modulationof frequeng f, in the directionof motion. Thus,for agivenL, dynamicLIC
reduceghe motionblur cuein eachframe,andhencereduceghe orientationinformation
in eachframe. This effectis evidentin Fig. 1(a),(c)which have thesameL, but f, 2in
(c)whereasf, 0in (a)i.e. nosinusoidaimodulationin (a) whichis staticLIC only.

In dynamicLIC, if alarge L andsmall f; are used,thenthe bandwidthis small and
soonly low spatialfrequengy componentsare presentn the directionof motion. Thisis
ne for depictinghigh speedsn thedirectionof motion,sinceonly low spatialfrequencies
would be allowed anyhow in orderto avoid temporalaliasing. However, it is not ne for
low speedsThe problemhereis thatthe humanvisualsystemhasgoodconstrassensity-
ity atlow spatialfrequenciesonly if thetemporalfrequeng is high which requiresahigh
speed At temporalfrequeny f; 0, the contrastsensitvity of thevisual systempeaksat
about3-5 cyclesper degree,andfalls off considerablyfor lower spatialfrequencies.For
example for aspatialfrequeng of 0.5cyclesperdegree contrassensitvity peaksatabout
5 Hz [Robson1966], correspondingo animagevelocity of about10 degreespersecond,
which is ratherfast. Thus,whena large degreeof motion blur is presentin eachimage
frame,low speedwill bepoorly perceved.

To summarizepnefacesa trade-of in dynamicLIC. By modulatingthe window and
changingthe phasefrom frameto frame,oneresohesthe 180 ambiguitythatis present
in thestaticLIC. Onepaysa price,however, namelyonemusteitherdecreasethe motion
blur cueby keepingL small,which limits the staticorientationinformationin eachframe,
or onemayallow L to belarge but disallow slow speedssincethe visual systemhaspoor
contrastsensitvity to slowly moving stimuli if only low spatialfrequenciesn the direc-
tion of motionarepresent.Thus,onecannotsimultaneoushhave strongstaticdirectional
informationfrom motionblur alongwith a strongspeectuefrom dynamicallychangethe
phasefrom frameto frame. To our knowledge,this obsenation hasnot beenarticulated
beforein the2D motionvisualizationliterature.
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We next review a spectralsynthesianethodthat we have developedfor 2D ow eld vi-
sualizationLangeretal. 2004;Langeret al. 2005]. Our methodis notascomputationally
fastasrecentmethodsfor 2D o w visualizationwhich take advantageof graphicshard-
ware. However, our purposein developingthe methodwasnot to competewith existing
methods. Rather our purposewas to develop a methodwhich producesvisualizations
thatcanbeeasilycharacterizeéh termsof psychophysicatonstraintof humanvision, in
particular in termsof spatialandtemporalfrequeng propertiesmotion blur, andmotion
layers.

Theimageis coveredby a 2D grid of overlappingM M tiles. The parameteM senes
a very similar role to the parametelL of LIC. Tile i j hasits top left cornerat pixel
i% j% . We usespectralsynthesigEbertet al. 2003]to synthesizébandlimitedlayered
motionimagesequencén eachtile. An annulusin eachtile's spatialfrequengy domainis
partitionedinto n subbandseachof constantoctave bandwidth. Eachof thesesubbands
de nesamotionlayer, in thatwe associat@ velocity vector vk vy to eachsubbandFor
exampleforn 3layersandM 32,we let eachsubbandeoneoctare, namely

f f2 fy2 24 48 816

We useat mostthreelayerssincethevisual systemcanperceve no morethanthreelayers
simultaneouslyrecallSec.2.2).
We assigntheamplitudespectrumn eachtile to be 1/f noise,i.e.

1

2 f2

i by

within the subbandsandzerooutsideof the subbandsFor the rst imageframe,l xy 0,
we setthe phasespectrunto berandom subjectto the conjugag constraint,

o f fy fij fx fy
which ensureghatthe inverseFourier transformis real. Takinga 2D inverseFFT yields
the rst framel;; x y O oftile i j .

To generatdayeredmotionfrom framet to framet 1, a phaseshiftis appliedto each
of thespatialfrequeny componentsl et the Fouriertransformof framet be

[ofy fyt _ elifij I fyt
ij y

f2 fy2
Wherefij fx fy t isthephasespectrunmof tile i j atframet andfy fy arein unitsof
cyclespertile i.e. perM pixels. The phasespectrunfor theframet 1 is obtainedfrom
framet via:

. 2p

fij i fyt 10 f; Kyt M Wi wiy (5)
Onevelocityvector vy vy is usedfor eachmotionlayerl in eachtile. Thisvelocity vector
may vary from tile to tile andfrom frameto frame. To keepthe notationfor vy vy simple,
we ignoresubscriptof layer i j | t.
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Thetile centeresareat positions i 1 % i 1 % . Thevector eld vy v, for each
subbands de ned at thesepositionsaswell. This setsthe Nyquistlimit of the velocity
eld, namelythe minimumwavelengthof the v, andvy functionson the underlyingpixel
grid is M pixels. Thisis becaus¢hewavelengthcorrespondingo the highestfrequeng of
Vx Vy mustbelessthanor equalto half the samplingrate. In our experimentswve typically
useM 16 32 or 64. Notethatwe areassuminghat vy vy variesonly slowly from pixel
to pixel in theimage.

The humanvisual systemis not equally sensitve to all spatiotemporafrequencies.For
typical viewing distancessuchasa 1280 pixel-wide monitor subtending20 degreesof
viewing angle,a tile of width M 64 pixels correspondso aboutone degreeof visual
angle.If werestricteachtile to bandpas4/f noisewith minimumspatialfrequengy f,;,
2 cyclespertile, thenthis correspondso a minimumspatialfrequeng of 2 cycles/dgree
of visualangle.At thisandhigherspatialfrequenciesthehumanvisual systems temporal
contrastsensitvity functionis lowpassin temporalfrequeng[Robson1966; Koenderink
andvanDoorn1966]. The sametemporallowpasspropertyholdsfor smallervaluesof M
aswell.

Becausehe visual systemis lowpassfor the temporalfrequeng in our sequencesye
attenuatehesehigh temporalfrequenciesxplicitly. We usea uniform temporallowpass
Iter , i.e. constanoverall fx fy . Priorto takingtheinverseFFT for tile i j andframe

t, we attenuateheamplitudes ﬂj fx fy t by multiplying by e 2% \where

1
f; M v fx vy fy

is in units of cyclesper frame, the Nyquistlimit being f, 05. The constants is the
temporalfrequeny bandwidth.The attenuatiorfactorclearlydependsn fy fy andisa
Gaussiamidge, orientedperpendicularlyo the motiondirection. Theresultis motionblur
in thedirectionof motion,wherethe amountof blur depend®n s andonthespeedn the
directionof motion.

Severalfurthertechnicaldetailsareworth mentioning.In the humancontrassensitvity
function,thetemporalcutoff frequeny depend®n spatialfrequeng i.e. it is notconstant.
Althoughonecouldincorporatethis dependenca the modelof motionblur [Barlow and
Olshauser2004], we decidednot to do so. Onereasonis that we perform subsequent
operationon the images(windowing and tone-mappinghich will affect the spectrum
further A secondeasoris thatthedetailedCSFdescribeperceptiorat contrasthreshold
whereasour stimuli are above threshold,soit unclearthat exactly the sameCSF curves
apply. Usinga constantemporalfrequeng bandwidthachierzesthe basicmotionblurring
effect,namelyit attenuate$igh spatialfrequenciesn thedirectionof motion.

Sincemotion blur attenuateshe amplitudesn a speed-dependentay, the total power
in atile will dependon the speedsvy vy in eachlayer As aresult,whenwe take the
inverseFouriertransformto obtainlij x yt ,thecontraswill dependntheseparameters
aswell. We avoid this contrastdependencby rescaling;; x y t sothattheintensitiedie
in[-1,1],

I xyt
maxxy ljj xyt

I xyt :
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Notethat, at this step,thereis no dc componentindsotheimagetile li; xyt hasmean
intensityof zero. The normalizationdoesnot changethis property

To blendthe intensitiesof thetiles, we de ne a windowing functionW x y (seebelow)
suchthat,for ary x y intheimagedomain 1 N 1 N,

M. M .

XEIy EJ

Ixy &Wx M iy

i 2
whereW xy andl;; x %iy Y| aredenedon 1M 1M andare0 outside
this region. By inspectionfour tiles overlapat eachpixel, namelytwo tilesin eachof x y
directions.

Thewindow W x y is de ned asfollows. We would like the window to give more
weightto pixelsnearthe centerof atile. We begin with alinearblendingwindow, namely
a 2D separableBartlettwindow B x y . Sucha window leadsto non-uniformcontrast,
however [WatsonandEckert 1994; Langeret al. 2005] andsowe normalizeto make the
sumof squaredveightsof thefour overlappingtiles constantat eachpixel. For any x y

1 % , wede ne anormalizedwindow:

Ej lij

Bxy

Bxy2 Bx ¥y2 Bxy %2 Bx Yy Y2

W xy (6)

Forotherxy 1M 1 M,wedeneW xy by mirror symmetryaboutthe centerof
thetile, namely

Wxy WminxM 1 x mnyM 1 vy

Theresultis shavn in Fig. 2.

Note that multiplying by the window W x y may causethe meanof eachwindowed
tile to benon-zero Moroever, theamplitudespectrunof eachimagetile is affectedby the
windowing function since,by the convolution theorem multiplying lij xyt byW xy
causeshe amplitudespectrumIAij fx fy t to becorvolvedwith W f f, . This blurring
in thefrequeng domainis notabig problem though,sinceW x y isaverylow passlter
whichfallsto lessthan40 % of itsdcvalueat f 1 andto lessthan10%of its dc valueat
f 2. Thusthereis only aslight spreadingpf the amplitudespectrum.

Oncethetilesareblendedogetherthemeanl x yt forary x edt isapproximatelyzero,
andtheintensitiedie approximatelyn theinterval [-1,1] andsowe clip to thisinterval. We
performtwo nal operationsFirst,we addintensity1 to eachpixel anddivide by 2, which
bringsintensitiesto theinterval [0,1]. We thentonemapthe intensitiesby squaringthem.
This skews the intensitydistribution toward zero,giving a wider distribution of perceved
brightnessese. the perceptiorof brightnesobeys a power law. This latter stepwould be
droppedf the stimuli wereusedin a psychophysicexperiment.

The examplesthat we presentin the paperusetwo typesof layeredmotion elds. The
rst is themotiongeneratedy a uid model. The secondypeis the motion seenby an
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Fig.2. TheM M 64 64weightingfunctionW x y thatis multiplied with eachtile. SeeEq. (6).

obsenermoving througha staticscene Thevideoscanbe foundat

With tile width M 64andN N 512 512,we areableto renderll.6framesper
secondusinga Pentium4 3.0 GHz with 2 GB RAM.

We usedthe uid solver of [Stam2001]to generatea time-dependen2D velocity eld.
The methodgenerateselocity elds for incompressibleuids subjectto forcessupplied
by theuser For our exampleswe usea uniformrandomforce eld thatis inputto the uid
solverfor the rst frame,andwe usenoforce eld in subsequerframes.

For the rst example, , we chosethe motion in the differentlayersto
have the samedirection, but to differ in speedsuchthat higher spatialfrequeng bands
move slower. In the context of a uid, onecanthink of the speedasa decreasindunction
of height,thatis, decreasingowardaboundarylayer. Thetile sizeisM  64. No motion
blur wasused.(SeeFig. 3.)

For the secondexample, , we usemotion blur. We alsousea
smallertile width of M 16, andspatialfrequenciesrom f 1 8. Fig. 4 shovssingle
framesfor the casef no blur vs. blur.

Our third exampleis . This videowasgeneratedisingan un-
steadymotion eld, thatis, thevelocityvectorin eachtile andlayerchangegrom frameto
frame. A randomforcewasappliedto generatehe rst frameasbefore,but now the uid
vector eld wasallowedto damperandadwectover subsequerframes[Stam2001]. Note
thatthe high spatialfrequenciesf the motion eld vy v becomeslampenedvertime
i.e. the eld becomesmoresmooth. At the sametime, the speedof the velocity vectors
decreaseevertime leadingto areductionof motionblur overtime.

Our nal uid example, , usegust two motionlayers.The
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Fig. 3. (left) An exampleof thevector eld generatedbythe uid o w technique(right) A singleframe N 512
frameof bandpas4/f noisefor tile widthM  64.

Fig. 4. (left) A singleframetaken from animagesequencéaving no motionblur andN  512andM  16.
(right) A singleframewith motionblur added(s  10).

velocity elds in eachlayerarenow chosenindependentlyin particular both speedand
directionof thetwo layersareindependentvithin in eachtile. For thoseimageregionsin
whichthespeedor directionsof motionaresufciently different,thevisual systemis able
to seetwo separatdayers(seeSec.2.2).

The secondtype of motion eld is that seenby an obsenrer moving througha static 3D
scene.For suchsituations theimagevelocity of a point at a giveninstanceof time is as
follows [Longuet-Higginsand Prazdry 1980]. Let Tx Ty T, betheinstantaneougans-
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lation componenbf the cameramotionin thex y andz directionand Wy W, W, bethe
instantaneousotation componenbf the cameramotionin X y andz direction. Assume
thattheimageprojectionplaneis atdepthz  f in cameracoordinates.The scenedepth
zx y representshe depthof a 3D pointvisible at position x y in theimageprojection
plane.Accordingto this model,theimagevelocityat x y isthen:

Vy T, X X xy f f xfy w‘& @)
vy zZxy Y Yr foy?f xy f X w

Theimagelocation x; yr Tiz Tx Ty is calledthedirectionof headingalsocalledthe

focusof expansion(FOE).
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Fig. 5. (left) Vector eld for a single motion layer (constantdepth)when camerais translatingforward and
rotatingaboutthe optical (z) axis. See . (right) Vector eld whenthe camerais rotating
aboutthex axis. See

For ary singledepthlayer, the2D imagevelocity eld is thevectorsumof elds dueto
thecamerdranslatiorandrotation. Thesetwo elds are,respectiely, thetwo termsonthe
right handsideof Eq. (7). Thetranslationeld alwayspointsaway from the directionof
heading.Thelengthof the vectoris inverselyproportionalto z x y . Therotation eld is
independentf scenedepth. Figure5(left) is anexampleof avector eld generatedising
above equationsyherethetranslationdirectionis straightaheadandthe rotationis about
the opticalaxis. For this example,depthis assumedo be constanbvertheimage.Thisis
the caseof amoving directly towardawall.

Thevideo shaws the caseof camerarotationaboutthe x-axis,
but no translation. The motion eld hasa parabolicnon-linearity which is dueto per
spectve. SeeFig. 5 (right). For correctperspectie, the viewer shouldobsenre this eld
closeto themonitor. Becausehevelocity eld for therotationcomponentoesnotdepend
on depth(seeEq. (7)), thethreedepthlayersin eachtile have the samevelocity vy vy .
Thereare, however, up to four layersat eachimage pixel, namelythe four neighboring
overlappingtiles. Theslighttransparengeffectin thevideois dueto tile overlap.
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What aboutsceneghat containmultiple layers?In this case we would needmultiple
z Xy valuesat eachpoint. As describedn Sec. 4.1, our methodimplementsmultiple
layersin eachtile by allowing for a different v v, vectorsfor differentlayers. For the
caseof egomotion,the vy v vectorsare chosenaccordingto the above equation. In
particular thecenterpixel x y of eachtile de nesbothatranslationandrotationvector
Onedepthz; is choserfor eachtile i j andfor eachlayer

In , the viewer is translatingalong the direction of z-axis,
andthereis no rotation. The FOE is at the centerof the image. Threedepthlayersare
present.The humanvisual systemis not ableto detecttheindividual layers,however, for
reasongliscussedn Sec.2.2. A similar exampleis ,in whichthe
viewer is translatingstraightahead(direction of z axis), while rotating aboutthe z-axis.
Thevector eld for onedepthlayerwasshown in Figure5 (right).

The fourth exampleis a video in which the viewer's motion parameterghangeover
time, andthis leadsto theatime-varyingvelocity eld. In thevideo , theviewer's
T, components constanbut the Ty componenvariessinusoidallywith time, from theright
sideof theimageto theleft side.

Ourspectrabynthesisnethodproducesompellingvisualizationof layeredmotion elds.
A key propertyof the methodis thatit is amenabléo spectralanalysisnamelythevideos
canbecharacterizedsingstandargignalprocessingheoryandusingpropertieof human
perceptiorsuchasspatiotemporatontrastsensitvity andsensitvity to motionblur. This
suggestshat the methodcould be very useful for generatingstimuli for psychophysical
experimentghatinvestigateperceptualimits of 2D motion elds.

In particulatr suchpsychophysicagxperimentouldaddresshesensitvity of thevisual
systemto complex motion elds. The studiescitedin Sec. 2.1 usedonly simple motion
elds which werede ned typically by alternatingstripesin which the motionvectorwas
constantwithin eachstripe. Studiesof multilayer elds reviewedin Sec. 2.2 considered
layerswith a singlevelocity only. Therehave beenstudiesof motionlayersthathave con-
siderednon-uniformvelocitieswithin eachlayer [Rieger and Toet 1985; De Bruyn and
Orban1993], but theseare velocity elds arestill quite simplistic relative to the motion
elds foundin nature.Justasthevisualsystemis canrecognizewvalking gures from ran-
domdot patterngJohansso973],we expectthatthevisual systemis especiallysensitve
to othercomplex naturalmotion elds, suchasthatof swirling uids. Stimuli generated
usingour spectralsynthesiamethodcould be usedin psychophysicastudiesof suchmo-
tion elds. The nice spectralpropertiesof our stimuli could make them more usefulfor
bridging the gapbetweerthe low level controlneededor psychophysic¢e.g. constrast
sensitvity) andthe potentialto generateeomple< motion elds. While state-of-the-areD
0 w visualizationmethodsmayrunin realtime, they arebasedon mary approximations
andarerelatively dif cult to characterizén termsof their stimulusproperties.
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