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ABSTRACT

Justasa motion �eld is associatedto a moving object,an
audio �eld canbe associatedto an object that canbehave
asa soundsource. The �o w �eld of sucha soundsource
whichmovesovertimewouldnotonly haveanopticalcom-
ponent,but also an audio component;somethingwe call
audio-visual�o w. In thispaperwepresentacommonstruc-
ture tensorbasedvariational framework for denseaudio-
visual�o w-�eld estimation.Theproposedschemeimproves
therankof thelocalstructuretensorby incorporatinganau-
dio informationchannelwhichissubstantiallyun-correlated
from the complementingvisual informationchannel. The
schemeallowsascribingweightsto individualsensormodal-
ities basedon the con�dencein their correspondingmea-
surements.Resultsarepresentedto demonstratehow com-
bining multiple modalitiesin our proposedframework can
provide a possiblesolutionto temporaryfull visual occlu-
sions.

1. INTRODUCTION
Informationfusionisanimportantpre-stepfor many higher-
level reasoningtasks. Inferencein many interestingprob-
lemssuchasspeakerlocalizationin videoconferencing,and
robotnavigationetc,canbemadewith highercon�denceby
relyingonmulti-modaldata.Weareinterestedin analyzing
the �o w �elds associatedwith different sensormodalities
asthesignalsourcemovesover time. Two of suchmodal-
ities which areof immediateinterestareaudioandvision.
We refer to the �o w �elds associatedwith suchsceneel-
ementswhich aremobile andcanact assoundsourcesas
audio� visual �o w �elds.

By combiningdifferentinformationmodalities,eachin-
dividual informationsourcemaycompensatefor theweak-
nessof the other. For instance,an object tracker relying
only on the visual informationmay loosethe track of the
objectin caseof occlusion.On theotherhanda tracker that
purely relieson theaudioinformationcanperformwell as
longasthemoving objectemitssounds.Thecontributionof
this work is to provide a variationalframework to measure
thevector-valuedaudio-visual�o w �elds of sceneelements,

whichcanin turnbeusedasinput to higherlevel perception
systems.

Combiningaudioinformationchannelalongwith vision
alsoimprovesthe robustnessof the framework by improv-
ing therankof thelocalstructuretensor. Addingin morevi-
sualchannels,e.g.R, G andB in thestructuretensorframe-
work mayimprovethetensorrank;however, thesechannels
areextremelywell-correlateddueto thephotometryof the
scene.Thereforein mostof cases,theimprovementin ten-
sor rank is mainly due to the addednoiseeffect. Hence
thereis a needto add in someinformation that is highly
un-correlatedfrom the visual information channels. This
purposeis servedby addingin theaudioinformation.

Webegin by brie�y describingthenotionof optical�o w
from a total least-squaresolutionperspective asdescribed
in [1]. We then show how the techniqueproposedin [1]
canbeextendedto vectorvaluedimagesequencesandhow
doing this will improve the rank of the local structureten-
sor. Wethendescribehow theprobabilityof thepresenceof
anaudiosourceis calculatedandmappedto the imageco-
ordinatesystem.Onceboththeaudioandthevideosignals
have beenconvertedin a coherentframework, we explain
how thesetwo informationsourcescanbefusedin a gener-
alizedaudio� visual structuretensor, theeigenanalysisof
which canbeusedto estimatetheaudio-visualscene�o w.
Finally, we presentresultsto demonstratehow our frame-
work providesa possiblesolutionfor temporaryfull occlu-
sion.Fig 1 showstheoverview of theunderlyingmotivation
of ourproposedframework.

1.1. RelatedWork

Optical �o w estimationis one of the classicproblemsin
computervisionandhasbeendeeplystudiedovermorethan
two decades(seee.g.[2] [3] [4]). Morerecently, Haussecker
et al [5] proposeda total leastsquaresolutionto this prob-
lem which is equivalent to a tensorrepresentationof the
spatio-temporalimagestructure.Sucharepresentationvaries
both the spatialas well as the temporal�o w vectorsand
henceleadsto a moreprecisesolution.We baseour frame-
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Fig. 1. (a) Symbolic diagramshowing the setupof the audio-visual
datacaptureexperiment.Thevisualdatais capturedthroughanover-head
camerawhile anarrayof microphonesareusedto estimatethe3-D world
co-ordinatesof thesoundsource.(b) A sampleframetakenfrom theover
headcamera.The blob over-laid uponthe personis the 2-D imagepro-
jectionof the3-D probabilitydensityrepresentingthepresenceof asound
sourcein theambientenvironment.

work on the work presentedin [5] andextend it to vector
valuedimagesequencesfor multi-modaldata.

In thepasttherehave beennumerousattemptsto com-
bineaudioandvideodatato improvehigherlevel inference
of sceneactivities(seee.g.[7]). While thesetechniquespro-
duceusefulresults,mostof themrely uponcombiningdif-
ferentmodalitiesat a higherlevel, andhencearesomewhat
domainspeci�c. On the otherhand,our proposedframe-
work attemptsto fusethesemodalitiesat imagelevel, and
hencecanbeusedto solveabroadspectrumof higherlevel
perceptionproblems.

2. TENSOR-BASED VISUAL FLOW-FIELD
ESTIMATION

The displacementof gray valuestructureswithin consecu-
tive imagesof a sequenceyields inclined imagestructures
with respectto temporalaxis of spatio-temporalimages.
The relationbetweenthe orientationangleandthe optical
�o w is givenby

f = [tan' x ; tan' y ] (1)

wheref = [f x ; f y ] denotesthe optical �o w on the image
planeandtheangles' x and' y de�ne theanglesbetween
the planenormal to the lines of constantgrey valuealong
thex andy axesrespectively. This is illustratedin �gure 2.
This basicpropertyof spatio-temporalimagesallows us to
estimatethe optical �o w from a 3D orientationanalysis,
searchingfor thedirectionof constantgrayvaluein thex� t
space.Let g(x) representaspatio-temporalimagesequence
wherex = (x1; x2; x3) wherex3 representstime. Thelocal
3D-structuretensorasde�ned in [1]canbewrittenas

J (x) =
Z
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0
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Fig. 2. Visualizationof Spatio-Temporalbrightnesspatterncreatedby a
moving object.The�gure showstheanglesubtendedby themotiontrajec-
tory alongthex-axis ' x . In a similar way themotiontrajectorysubtends
angle' y alongthey-axis

Theinformationwithin alocalneighborhoodaroundthe
centralpointx is weightedby awindow-functionh(x � x

0
).

Thematrix formulationof Eq.2canbewrittenas:
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whereg� representsthesmoothedversionof theindivid-
ual componentsof J. Theeigenvectorsof J give the local
orientations,andthecorrespondingeigenvaluesdenotethe
localgray-level variationsalongthesedirections.

2.1. EigenAnalysis
An eigenanalysisof the structuretensorcorrespondsto a
total leastsquares�t of a locally constantdisplacementvec-
tor �eld to theintensitydata.Let � i denotetheeigenvalues
of J wherei � f 1; 2; 3g, and� i aresortedin a descending
order. Let ei representthe correspondingeigenvectorsof
J . By analyzingtherankof thematrix, four differentcases
of spatio-temporalstructurescanbedistinguished:

i- Rank(J) = (0,3): No apparentlinearmotionis observed.
ii- Rank(J) = 1: An alreadyorientedimagestructuremoves
with a constantvelocity. This is thewell known apertur e
problem in optical�o w computation.Only oneof thethree
eigenvectorshasaneigenvaluelargerthanzero.Thiseigen
vector el = (el ;x ; el ;y ; el ;t ) points normal to the planeof
constantgrey valuein 3D spaceandcanbeusedto compute
thenormaloptical�o w as:

f =
el;t

(e2
l;x + e2

l;y )1=2
(5)

iii- Rank(J) = 2: An isotropicgrey valuestructuremoves
with a constantvelocity. No apertureproblemis presentin
the spatio-temporalneighborhood.The orientationof the
3D iso-grey-value line yields the two componentsf 1 and
f 2 of the optical �o w. The �o w vector in this casecanbe
computedas:

f = (
es;x

es;t
;

es;y

es;t
) (6)

3. AUDIO SOURCELOCALIZA TION

For thesakeof technicalcompleteness,wewouldbrie�y go
over thenotionof audiosourcelocalization.Let usassume



Fig. 3. (a)Vector Valuedimageoverlayedby the optical �o w-
�eld. As canbeeseen,theoptical�o w �eld sufferslessfrom aper-
tureproblem. (b) Gray-Scaleequivalentof thevectorvaluedim-
age.As canbenoticed,the �o w-�eld suffersmorefrom aperture
problem.

we have an arrayof microphonesin our 3D environment.
Givenasinglesourceof soundthatproducesatimevarying
signal x(t) eachmicrophonein the array will receive the
signalm i (t) = � i x(t � t i )+ ni (t) wherei is themicrophone
number, t i is the time it takessoundto propagatefrom the
sourceto microphonei , and n i (t) is noisesignal present
at microphonei . The Time Delay of Arrival (TDOA) is
de�ned for agivenmicrophonepair (i , k) asD ik = t i � tk .
Theideais to determineD ij for somesubsetof microphone
pairs,andthen�nding theleastmeansquaresolutionfor the
soundsource.TheFourierTransformof thecapturedsignal
canbeexpressedas:

m i  ! M i (w) = � i X (w)e� j w t i + N i (w) (7)

whereX (w) is theFourierTransformof thesourcesignal
x(t).
Thecrosscorrelationof m i (t) andmk (t) canbegivenas:

R ik (� ) =
Z

m i (t )mk (t � � )dt (8)

Thefrequency domainrepresentationof R ik (� ) canbegiven
as:

R ik (� )  ! Sik (w) = M i (w)M � (k) (9)

Sik (w) canbeapproximatedusingeq7 as:

Sik (w) = � i � k jX i (w)j2e� j w D ik (10)

ThusD ik canbefoundby evaluating:
D ik = max (R ik (� )) = max (F � 1Sik (w)) (11)

whereF � 1 representsthe inverseFourierTransform.The
locationfor the soundsourceis a point p that satis�es the
setof associatedparametricequations:
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whered(p � mk ) representstheeuclidiandistancebetween
the soundsourceandthe microphone.Thusa setof three
D 0

ik s uniquelyspecify the coordinatesof the source. For
setsof four or moreD ik asolutionmayonly exist in a least
meansquaresense.

4. AUDIO-VISUAL FLOW-FIELD ESTIMATION

In this sectionwe �rst explain how we canincorporateR,
G andB channelsto computeoptical�o w for vectorvalued
images. We then move on to explain how the audio and
videoinformationcanbecombinedto computeaudio-video
�o w �eld.

4.1. Optical Flow Estimation for Vector-Valued Images
Thus far, the focusof calculationof optical �o w for gray
scaleimagesI : 
 � R2 � ! R hasbeenmainly dueto
the reasonsof computationalef�ciency. However, thanks
to the improvementof processingspeed,it seemslogical
to extendthecomputationof optical �o w on vector-valued
imagesI : 
 � R2 � ! Rn . Dueto theavailability of more
datapointscorrespondingto a particularpoint in theimage
space,as comparedto the grey scalecase,vector valued
optical �o w canbettertake careof theapertur e problem.
In this sectionwe �rst formulatean extensionof method
describedin section2.1 to vectorvaluedimagesequences.
For vector-valuedimages,r g(x) asde�ned in eq2 canbe
extendedas:

r g(x) =

0

@
Rx Gx B x
Ry Gy B y
R t Gt B t

1

A (13)

ThestructuretensorJ (x) = r g(x)r g(x)T is still of order
3 � 3, however, it now containsthe variational informa-
tion in vector-valuedspatio-temporalhyperspaceaboutthe
immediateneighborsof eachpixel. It is importantto note
herethat theformulationof thestructuretensorasgiven in
eq 4 is inherentlyof rank 1. Only the fact that eachpixel
is weightedby its neighborin a non-linearfashion,i.e. by
usingan exponentiallydecreasingspatialweight function,
increasesthetensorrankJ (x). In caseof vectorvaluedim-
agesequenceshowever, sincewe areusingmoreinforma-
tion for everypixel point in theimagespace,thereforethere
is a higher likelihood that the structuretensorwill be of
fuller rankevenbeforetheaffect of theneighboringpixels
is broughtinto picture. Smoothingimprovesthe rankonly
further. Sincethedeterminationof thetypeof motion,and
hencethe �o w computationarebasedon therankof J (x),
this improvementof theranksigni�cantly improvestheop-
tical �o w results. Figure 3 shows the comparisonswhen
thealgorithmdescribedin Sec.[1] wasappliedon thegray
scaleversionof the imageand the result of our proposed
extensionto the vectorvaluedimagesequence.As canbe
seen,the optical �o w �eld in caseof vector-valuedimage
suffersmuchlessfrom theapertur e problem ascompared
to thegrayscalecase.

4.2. Audio-Visual Structur e Tensor
The framework presentedin Section3 canbe extendedto
a probabilisticdomain,i.e. assuminga gaussiannoisein
our measurement,theestimationof thesoundsourceloca-
tion canbeconsideredasa 3D gaussiandistribution in the
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Fig. 4. (a)Sampleframeof amoving caractingasasoundsource.
(b) Correspondingprobabilitysourcelocalizationmap.

3D world co-ordinatesystem.For ourpurposes,wearecur-
rently simulatingthe audioprobability distribution around
themoving body. In thefuturewe intendto implementau-
dio sourcelocalizationalgorithmasdescribedin Sec.3 for
cross-validationpurposes.

This distribution is projectedon the imageplaneusing
the projective transformationequationobtainedfrom cam-
eracalibration.Thuswe have now foundthe2D projection
of the3D densityfor theestimationof theaudiosourcelo-
cation. A sampleframeandthe correspondingprobability
map is shown in �g 4. We now extend the modi�ed ex-
pressionfor the vector-valuedspatio-temporalgradientof
theimagesequenceasde�ned in eq13suchthatit cannow
incorporatetheaudio�eld aswell. Thiscanbegivenas:

r g(x) =

0

@
Rx Gx B x Sx
Ry Gy B y Sy
R t Gt B t St

1

A (14)

whereSx , Sy and St representthe spatio-temporal�rst-
order derivative of the soundlocalizationprobability dis-
tribution. Sincewe know the analyticalform of this prob-
ability distribution, we cancomputethe fourth columnof
thematrix givenin eq14in ananalyticalfashion.However
for now we resortto numericalmethodsto computeit by
�nding the �rst-order differenceof the soundlocalization
probability image. Sincethe intensityof the soundlocal-
izationimageis in directproportionalityto ourbelief in the
presenceof the soundsourceat that location,we canalso
modify eq14 to obtainamorerobustestimateof theaudio-
visual�o w �eld. Thuseq14canbemodi�ed as:

r g(x) =

0

@
Rx Gx B x �S x
Ry Gy B y �S y
R t Gt B t �S t

1

A (15)

In Eq15� representsthevalueof the2-D image-planepro-
jectionof the3-D spatialprobabilitydistribution of theau-
dio sourcelocation. We apply our proposedaudio-visual
�o w-�eld estimationframework, to solve the problemof
full visual occlusion. This is illustrated in �gure 5. As
canbeseen,evenwhenthemoving soundsourceis behind
the obstacleand is fully occluded,the audio information
channelstill provesmeaningfulinformationandtheresult-
ing �o w �eld givesadecentestimationof thepositionof the

Fig. 5. Sampleframeof a fully occludedmoving car. The pro-
posedframework leveragestheaudiochannelto estimatethe�o w
�eld of thefully occludedmoving soundsource.

moving soundsource.

5. CONCLUSIONS AND FUTURE WORK

In thispaper, wehavedescribedacommonvariationalframe-
work for estimatingtheaudio-visual�o w �eld associatedto
a moving audio source. We have �rst describeda proce-
dureof computingtheoptical �o w of vectorvaluedimages
which improvesthe rank of the local structuretensor. We
have thenpresenteda way of incorporatingaudio�o w �eld
in a uni�ed variationalframework. Resultsare presented
that indicatethattheproposedframework canbeusefulfor
multi-modalsignal fusion which canin turn be appliedto
solve variousperceptualproblems.Thesemay includeun-
derstandingof the layeredrepresentationof the sceneand
trackingunderfull occlusion.In thefuturewewould like to
applyour low level audiovisual featuresto trackanobject
of interest. Finally, the currentwork is underthe assump-
tion of the presenceof only onemobile soundsource. In
thefuturewewould liketo investigatehow thiswork canbe
extendedto multiplemobilesoundsources.
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