AUDIO-VISUAL FLOW - A VARIATIONAL APPROACH TO MULTI-MOD AL FLOW
ESTIMATION

Rafay Hamid, Aaron Bobidk

GVU Center/Collge of Computing
Geogialnstituteof Technology
f raffay,afbg@cc.gtech.edu

ABSTRACT

Justasa motion eld is associatedo a moving object,an
audio eld canbe associatedo an objectthat canbehae
asa soundsource. The ow eld of sucha soundsource
whichmovesovertime would notonly have anopticalcom-
ponent,but also an audio component;somethingwe call
audio-visualo w. In this papemwe presenacommonstruc-
ture tensorbasedvariational framework for denseaudio-
visual o w- eld estimation.Theproposedchemémproves
therankof thelocal structureensorby incorporatinganau-
dioinformationchannelvhichis substantiallyjun-correlated
from the complementingvisual information channel. The
schemallowsascribingweightsto individualsensomodal-
ities basedon the con dencein their correspondingnea-
surementsResultsarepresentedo demonstraténow com-
bining multiple modalitiesin our proposedramevork can
provide a possiblesolutionto temporaryfull visual occlu-
sions.

1. INTRODUCTION

Informationfusionis animportantpre-stegdor mary higher
level reasoningasks. Inferencein mary interestingprob-
lemssuchasspealerlocalizationin videoconferencingand
robotnavigationetc,canbemadewith highercon denceby
relying on multi-modaldata.We areinterestedn analyzing
the ow elds associatedvith differentsensormodalities
asthe signalsourcemovesover time. Two of suchmodal-
ities which are of immediateinterestare audioandvision.
We referto the ow elds associatedvith suchsceneel-
ementswhich are mobile and canact as soundsourcesas
audio visual ow elds.

By combiningdifferentinformationmodalities gachin-
dividual informationsourcemay compensatéor the weak-
nessof the other For instance,an objecttracker relying
only on the visual information may loosethe track of the
objectin caseof occlusion.Ontheotherhandatraclker that
purely relieson the audioinformationcanperformwell as
longasthemoving objectemitssounds Thecontritution of
this work is to provide a variationalframework to measure
thevectorvaluedaudio-visualo w elds of sceneelements,
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which canin turnbeusedasinputto higherlevel perception
systems.

Combiningaudioinformationchannebllongwith vision
alsoimprovesthe robustnesf the framewvork by improv-
ing therankof thelocal structurgensor Addingin morevi-
sualchannelsg.g.R, G andB in thestructuretensorframe-
work mayimprove thetensomrank; however, thesechannels
areextremelywell-correlateddueto the photometryof the
scene.Thereforein mostof casestheimprovementin ten-
sor rank is mainly due to the addednoise effect. Hence
thereis a needto add in someinformationthatis highly
un-correlatedrom the visual information channels. This
purposds senedby addingin theaudioinformation.

We beagin by brie y describinghenotionof optical ow
from a total least-squareolution perspectie as described
in [1]. We thenshav how the techniqueproposedn [1]
canbeextendedo vectorvaluedimagesequenceandhow
doingthis will improve the rank of the local structureten-
sor We thendescribehow the probabilityof thepresencef
anaudiosourceis calculatedandmappedo the imageco-
ordinatesystem.Onceboththe audioandthevideosignals
have beencorvertedin a coherentframevork, we explain
how thesetwo informationsourcecanbefusedin agener
alizedaudio visual structuretensorthe eigenanalysisof
which canbe usedto estimatethe audio-visualscene o w.
Finally, we presentresultsto demonstratdow our frame-
work providesa possiblesolutionfor temporaryfull occlu-
sion. Fig 1 shavstheoverview of theunderlyingmotivation
of our proposedramenork.

1.1. RelatedWork

Optical ow estimationis one of the classicproblemsin
computewisionandhasbeendeeplystudiedover morethan
two decades(semg.[2] [3] [4]). Morerecently Haussecér
etal [5] proposedh total leastsquaresolutionto this prob-
lem which is equivalentto a tensorrepresentatiorof the
spatio-temporamagestructure Sucharepresentatiouaries
both the spatialas well asthe temporal o w vectorsand
henceeadsto a moreprecisesolution. We baseour frame-
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Fig. 1. (&) Symbolic diagramshawing the setupof the audio-visual
datacaptureexperiment.Thevisualdatais captured¢hroughanover-head
camerawhile anarrayof microphonesareusedto estimatethe 3-D world

co-ordinate®f the soundsource.(b) A sampleframetakenfrom the over
headcamera. The blob overlaid uponthe personis the 2-D imagepro-

jectionof the 3-D probability densityrepresentinghe presencef asound
sourcein theambientervironment.

work on the work presentedn [5] andextendit to vector
valuedimagesequence®r multi-modaldata.

In the pasttherehave beennumerousattemptsto com-
bineaudioandvideodatato improve higherlevel inference
of scenectiities(seee.qg.[7]). While thesgechniquepro-
duceusefulresults,mostof themrely uponcombiningdif-
ferentmodalitiesat a higherlevel, andhencearesomavhat
domainspeci c. On the otherhand,our proposedrame-
work attemptsto fusethesemodalitiesat imagelevel, and
hencecanbeusedto solve a broadspectrunof higherlevel
perceptiomproblems.

2. TENSOR-BASED VISUAL FLOW-FIELD

ESTIMATION
The displacemenbf gray value structureswithin consecu-
tive imagesof a sequenceields inclinedimagestructures
with respectto temporalaxis of spatio-temporaimages.
The relation betweenthe orientationangleandthe optical
ow is givenby

f = [tan' x;tan’ y] 1)
wheref = [fy;fy] denoteshe optical o w on theimage
planeandtheangles' y and' y de ne the anglesbetween
the planenormalto the lines of constantgrey value along
thex andy axesrespectiely. Thisis illustratedin gure 2.
This basicpropertyof spatio-temporaimagesallows usto
estimatethe optical ow from a 3D orientationanalysis,
searchindor thedirectionof constangrayvaluein thex t
spaceletg(x) represenaspatio-temporalimagesequence
wherex = (X1; X2; X3) wherexs representsime. Thelocal
3D-structuretensgrasde nedin [1]Jcanbewrittenas

I = hx x)rgeOr gt (x)dW x” @)
Thecomponent®f J canbegivenas
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Fig. 2. Visualizationof Spatio-Emporalbrightnesgatterncreatecby a
maving object. The gure shavstheanglesubtendedby themotiontrajec-
tory alongthex-axis' x. In a similar way the motiontrajectorysubtends
angle' y alongthey-axis

Theinformationwithin alocalneighborhoodroundthe
centralpointx is weightedby awindow-functionh(x xo).
The matrixformulati(())nof Eq.annbewrittlen as:

9O %% OO
J¥)=@g9, g9 gg A @)
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whereg representthesmoothedrersionof theindivid-
ual component®f J. The eigenvectorsof J give the local
orientationsandthe correspondingigenvaluesdenotethe
local gray-level variationsalongthesedirections.

2.1. Eigen Analysis

An eigenanalysisof the structuretensorcorrespondgo a
totalleastsquarest of alocally constantlisplacementec-
tor eld totheintensitydata.Let ; denotetheeigenvalues
of J wherei f1;2;3g, and ; aresortedin adescending
order Let e representhe correspondingigenvectorsof
J. By analyzingthe rank of the matrix, four differentcases
of spatio-temporastructurecanbedistinguished:

i- Rank(J) = (0,3): No apparentinearmotionis obsered.
ii- Rank(J) = 1: An alreadyorientedmagestructuremoves
with a constantvelocity. This is the well known apertur e
problem in optical o w computationOnly oneof thethree
eigenvectorshasaneigenvaluelargerthanzero.Thiseigen
vectore = (&x;€y;&:) pointsnormalto the planeof
constangrey valuein 3D spaceandcanbeusedto compute
thenormaloptical o w as:

eI;t
(e + efy )72
iii- Rank(J) = 2: An isotropicgrey value structuremoves
with a constantvelocity. No apertureproblemis presenin
the spatio-temporaheighborhood. The orientationof the
3D iso-gre/-value line yields the two componentd ; and
f, of theoptical ow. The ow vectorin this casecanbe
computedas:

f = ()

€s;x . Esy
f= ;— 6
( oot ot ) (6)

3. AUDIO SOURCELOCALIZA TION

For thesale of technicalcompletenessye would brie y go
over the notionof audiosourcelocalization.Let usassume




Fig. 3. (a)\ector Valuedimage overlayedby the optical o w-
eld. Ascanbeeseentheoptical ow eld sufferslessfrom aper
ture problem. (b) Gray-Scaleequivalentof the vectorvaluedim-
age.As canbenoticed,the o w- eld suffers morefrom aperture
problem.

we have an array of microphonesdn our 3D ervironment.
Givenasinglesourceof soundthatproducesatime varying
signal x(t) eachmicrophonein the arraywill receve the
signalm;(t) = ix(t t;)+n;(t) wherei isthemicrophone
numbert; is thetime it takessoundto propagtefrom the
sourceto microphonei, andn;(t) is noisesignal present
at microphonei. The Time Delay of Arrival (TDOA) is

de nedfor agivenmicrophonepair (i, k) asDix = t; tk.

Theideais to determineD;; for somesubsebf microphone
pairs,andthen nding theleastmeansquaresolutionfor the

soundsource.TheFourier Transformof the capturedsignal
canbeexpresse@s:

Mi(w) = X (w)e W+ Nj(w) (7

whereX (w) is the Fourier Transformof the sourcesignal

x(t).

Thecrosscorrelationof Eni (t) andmy (t) canbegivenas:
Rik () =

Thefrequeny domainrepresentationf Rj ( ) canbegiven
as:

m; !

mi (my(t  )dt ®)

Rk () ! Sk(w)=Miw)M (k) 9)
Sik (W) canbeapproximatedisingeq?7 as:
Sk (W) = i kjXi(w)j%e WP (10)
ThusDj canbefoundby evaluating:
Dik = max (Rix (1)) = max(F 'Sy (w)) (11)

whereF ! representshe inverseFourier Transform. The
locationfor the soundsourceis a point p that satis esthe
setof associategharametricequations:

d(p m3) d(p mp) _
E Vsound D12
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Vsound
whered(p my) representtheeuclidiandistancebetween
the soundsourceandthe microphone.Thusa setof three
Dii s uniquely specify the coordinatesof the source. For
setsof four or moreDjk asolutionmayonly existin aleast
meansquaresense.

4. AUDIO-VISUAL FLOW-FIELD ESTIMATION

In this sectionwe rst explain how we canincorporateR,

G andB channelgo computeoptical o w for vectorvalued
images. We then move on to explain how the audio and
videoinformationcanbe combinedo computeaudio-video
ow eld.

4.1. Optical Flow Estimation for Vector-Valued Images
Thusfar, the focus of calculationof optical o w for gray
scaleimagesl| : R? | R hasbeenmainly dueto
the reasonf computationakf ciency. However, thanks
to the improvementof processingspeed,it seemdogical
to extendthe computationof optical o w on vectorvalued
imaged : R? | R". Duetotheavailability of more
datapointscorrespondindo a particularpointin theimage
space,as comparedto the grey scalecase,vector valued
optical o w canbettertake careof the apertur e problem.
In this sectionwe rst formulatean extensionof method
describedn section2.1to vectorvaluedimagesequences.
For vectorvaluedimagesy g(x) asde nedin eq?2 canbe

extendedas: 0 1
Rx Gx Bx
rg=@Ry Gy By A (13)
Rt G¢ B

The structuretensord (x) =r g(x)r g(x)T is still of order
3 3, however, it now containsthe variationalinforma-
tion in vectorvaluedspatio-temporahyperspaceboutthe
immediateneighborsof eachpixel. It is importantto note
herethatthe formulationof the structuretensorasgivenin

eg4 is inherentlyof rank 1. Only the fact that eachpixel

is weightedby its neighborin a non-linearfashion,i.e. by

using an exponentiallydecreasingspatialweight function,
increaseshetensorrankJ (x). In caseof vectorvaluedim-

agesequencebowever, sincewe are usingmoreinforma-
tion for every pixel pointin theimagespacethereforethere
is a higher likelihood that the structuretensorwill be of

fuller rank even beforethe affect of the neighboringpixels
is broughtinto picture. Smoothingimprovesthe rank only

further Sincethe determinatiorof the type of motion,and
hencethe o w computatiorarebasedon the rank of J(x),

thisimprovementof theranksigni cantly improvestheop-

tical ow results. Figure 3 shavs the comparisonsvhen
thealgorithmdescribedn Sec.[1] wasappliedonthegray
scaleversionof the imageandthe resultof our proposed
extensionto the vectorvaluedimagesequenceAs canbe

seenthe optical ow eld in caseof vectorvaluedimage
suffersmuchlessfrom theapertur e problem ascompared
tothegrayscalecase.

4.2. Audio-Visual Structure Tensor

The framavork presentedn Section3 canbe extendedto
a probabilisticdomain,i.e. assuminga gaussiamoisein
our measurementhe estimationof the soundsourceloca-
tion canbe consideredhsa 3D gaussiardistribution in the
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Fig. 4. (a) Sampleérameof amoving caractingasasoundsource.

(b) Correspondingprobability sourcelocalizationmap.

3D world co-ordinatesystem.For our purposeswe arecur-

rently simulatingthe audio probability distribution around
themoving body In the future we intendto implementau-
dio sourcelocalizationalgorithmasdescribedn Sec.3 for

cross-alidationpurposes.

This distribution is projectedon the imageplaneusing
the projective transformatiorequationobtainedfrom cam-
eracalibration. Thuswe have now foundthe 2D projection
of the 3D densityfor the estimationof the audiosourcelo-
cation. A sampleframeandthe correspondingprobability
mapis shavn in g 4. We now extendthe modi ed ex-
pressionfor the vectorvaluedspatio-temporagradientof
theimagesequencasde nedin eq13suchthatit cannow

incorporateheaudio eld aswell. This canbegivenas:

0 1
Rx Gx Bx S

rgx)=@Ry Gy By S, A (14)
Rt Gt Bt St

where Sy, Sy and S; representhe spatio-temporalrst-
order deriative of the soundlocalization probability dis-
tribution. Sincewe know the analyticalform of this prob-
ability distribution, we can computethe fourth column of
the matrix givenin eql14in ananalyticalfashion.However
for nov we resortto numericalmethodsto computeit by
nding the rst-order differenceof the soundlocalization
probability image. Sincethe intensity of the soundlocal-
izationimageis in directproportionalityto our beliefin the
presenceof the soundsourceat that location, we canalso
modify eq 14 to obtainamorerobustestimateof theaudio-
visual ow eld. Thuseql14canbemodi ed as:

0 1
Rx Gx BX S X

rg)=@Ry Gy By Sy A (15)
Rt Gt Bt St

INEq15 representthevalueof the2-D image-plangro-
jectionof the 3-D spatialprobability distribution of the au-
dio sourcelocation. We apply our proposedaudio-visual
ow- eld estimationframeawork, to solve the problem of
full visual occlusion. This is illustratedin gure 5. As
canbe seengvenwhenthe moving soundsourceis behind
the obstacleand is fully occluded,the audio information
channelstill provesmeaningfulinformationandthe result-
ing ow eld givesadecentestimatiorof thepositionof the

Fig. 5. Sampleframeof a fully occludedmoving car The pro-
posedframenork leveragedhe audiochannelo estimatethe o w
eld of thefully occludedmoving soundsource.

maving soundsource.

5. CONCLUSIONS AND FUTURE WORK

In thispaperwe have describecacommonvariationalframe-
work for estimatingheaudio-visualow eld associatetb
a moving audio source. We have rst describeda proce-
dureof computingthe optical o w of vectorvaluedimages
which improvesthe rank of the local structuretensor We
have thenpresented way of incorporatingaudio ow eld
in a uni ed variationalframevork. Resultsare presented
thatindicatethatthe proposedramework canbe usefulfor
multi-modal signal fusion which canin turn be appliedto
solve variousperceptuaproblems.Thesemay includeun-
derstandingof the layeredrepresentatiomf the sceneand
trackingunderfull occlusion.In thefuturewe wouldliketo
applyour low level audiovisual featurego track an object
of interest. Finally, the currentwork is underthe assump-
tion of the presenceof only one mobile soundsource. In
thefuturewe wouldlik e to investigatehow thiswork canbe
extendedto multiple mobile soundsources.
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