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Abstract

In this paperwe addressthe problemof estimatingand
analyzingthe motionin image sequencethat involvefluid
phenomena. In this contet standad motion estimation
techniquesare not well adaptedand more dedicatedap-
proacheshaveto be designed. In this prospect,we pro-
poseto estimatein a joint and coopertive way a dense
motion field and a peculiar parametric representationof
the flow The parametric modelissuesfrom an extension
of Rankinevortex modelandincludesa laminar flow field.
Denseand parametricfieldsare estimatedby minimizinga
robust global objectivefunctionthanksto a specificalter-
nate scheme The methodhasbeenvalidatedon different
kindsof meteoological image sequences.

1 Background: Fluid Motion Estimation

In a numberof domains,imagesequencethat involve
fluid phenomenahave to be analyzed: In ervironmental
sciences(oceanographymeteorology climatology etc.),
oceanandatmospherevolutionsareobsenedvia satellite
sensorg5, 9]; In medicalimaging,bloodflow canbe mon-
itored by angiography{14]; In thefield of fluid mechanics,
aero-andhydro-dynamicsxperimentsnow routinely pro-
ducelots of videodata[7, 10, 15]. In all thesedomainsof
applicationscameraoffersin a versatileandnon-intrusve
way, hugeamountsof spatio-temporatiata,asopposedo
in situmeasuremenéechniqueshatareoftencomplex, very
specific,intrusive, andthat only provide with sparsedata.
With thesdattertechniqueshowever, soughtquantitiesare
directly measuredvith dedicatedprobes,whereaswithin
image sequencesthe relevant information hasto be ex-
tractedfrom the luminancedata.

Theanalysisof motionin suchsequenceis particularly
challengingdueto thegreatdealof spatialandtemporaldis-
tortionsthatluminancepatternsexhibit in imagedfluid phe-

nomena.sStandardechniquegrom ComputerVision, orig-
inally designedor quasi-rigidmotionswith stablesalient
features,are not well adaptedn this contet. The design
of alternateapproachededicatedo fluid motionthuscon-
stitutesa widely opendomainof research.Our work is a
contributionin this direction.

As in standardnotion analysistwo typesof motionin-
formationcanbe sought.First, densevelocity(or displace-
menyj fields[5, 9] constituteprecioussource®f information
which cansene eitherasvalidationbasis,or asinput data
for numericalmodels(e.qg., in short-termweatherpredic-
tion). They arealsousedfor visualizationpurposesandal-
low to computeotherquantitiesof interest,suchasthevor-
ticity of theflow [15]. Secondsomesalientstructuresnay
be sought. Vortices[14, 16], and moregenerallysingular
points[5, 7, 10] arekinematicentitiesof particularinterest:
they provide a compactandrelevantrepresentatioof fluid
flows[7], they retainkey informationfor the understanding
of phenomenge.g., vorticesin study of turbulence[15],
depressiongn meteorology{9]), andthey provide tokens
for trackingpurpose$10]. Suchentitiescanbe extracteda
posteriorifrom estimatedelocityfields[5, 7, 14, 16]. They
canalsoberecovereddirectly from imaged7, 10].

We suggestherethat both typesof information should
be extractedin a joint andcooperatie way. To this endwe
introduce,on the basisof a joint estimationseggmentation
approach12], acoupledapproachwhich mixesthe optical
flow techniqueproposedn [13] with anoriginal non-linear
parametricflow modelingbasedon vortices, sourcesand
sinks.

2 Dense/Rrametric Robust Modeling

Densemotion estimationaims at estimatinga velocity
mapw = {w,, s € S} ateachpointof therectangulapixel
lattice S, basedon brightnessunction f(t) = {f(s,t),s €
S} attwo consecutieinstants and¢+1. Assumingempo-
ral constancyf thebrightnesg$unction,standaraptic-flow



estimationrely on a differential equationknown as optic-
flow constaint equation(OFCE):

Vf(s,t) ws+ fi(s) = 0
where V f stands for the spatial gradient of f and

fi(s,ws) 2 f(s,t +1) — f(s,t) denoteshefinite differ-
enceapproximatiorof thetemporalderivative . This equa-
tion issuedrom a linearizationof the brightnesconstang
assumption.lt may alsobe seenasthe materialderivative
of f (i.e.,therateof changeof f asobsenedwhenmoving
with points).

The oFCE being known to be not valid in generalfor
large displacementéthe linearity domainof the luminance
function is drastically reducedfor long range displace-
ments,as well as at sharpedgelocations)an incremen-
tal version of this equationis usually considered. This
techniquewhich may berelatedto non-linearleastsquares
Gauss-Neiton method[1, 11] is generallyusedin combi-
nationwith a standardmultiresolutionsetup|[2, 6]. In the
following, we shallassumeo work at a givenresolutionof
sucha pyramidal structure. However, one hasto keepin
mindthattheexpression@ndcomputationgremeanto be
reproducedht eachresolutionlevel accordingto a coarse-
to-finestrateyy.

Let usnow assumehataroughestimatew = {ws, s €
S} of theunknown velocity field is available(e.g.,from an
estimationat lower resolutionor from a previous estima-
tion). Basedon a linearizationof the constang brightness
assumptiofiromtimet to ¢+ 1 aroundw, asmallincrement
fielddw € Q C (R x R)® canbeestimateds:

arg Iélil’l H,(dw; f,w) + aHs(dw; w), 1)
w
with [2, 11]:
Hy £ pi[VF(stw,, t+1)Tdw,+ fi(s,w,)], (2)
seS
B2 Y pilw,+dw,) — @, +dw)], ()
<s,r>eC

wherea > 0, C is the setof neighboringsite pairs ly-
ing ongrid S equippedwith someneighborhoodystenw,
fi(s,ws) 2 f(s+ws, t+1)— f(s,t) isnow thedisplaced
frame difference,and p; and p, are standardrobust M -
estimatos (with hyperparameterg; andos). Suchfunc-
tionspenalizethe deviationsbothfrom the datamodel(i.e.,
the oFCE) andfrom thefirst-ordersmoothingprior.

Thedenseestimaton(1-3) is generaliit is only basedon
theassumptionsf luminanceconseration (first term)and
of spatialsmoothnessf thevelocity (seconderm). It does
notrely onary prior knowledgeabouttypical fluid flows.

In most situations,it is relevantto considerthat fluid
motionis composedf threeparts:a smoothlaminar com-
ponent a divergence-freeomponenstemmingfrom a few

Figure 1. Exampleof vortex (rot; > 0), source (div; >
0), and translatedswirl with shear (a;, b;, rot;, div; and

shear; 2 \/(Cl — fi)2+ (ei +di)?2 > 0).

vortices andanirrotationalcomponenproducedoy a few
sinks/soutes Vorticescorrespondo localizedconcentra-

. .. A .

tions of vorticity rotw = u, — u,, whereassinks and
sourcesare associatedo analogconcentrationof diver-
gencedivaw 2 Ug + Vy.

ExtendingRankinevortex model[14], we introducean
original unified modeling of theseentities. Let a vor-
tex/sink/sourcebe locatedat s; = (z;,y;). In a certain
neighborhoodf s;, the velocity field is approximatedoy
alinearmodel. Beyondthis neighborhoodthe samelinear
expressionis kept, but scaledby theinverseof the squared
distanceo s;. Assuminga circularneighborhood); of ra-
diusr; arounds;, wethusconsidethefollowing parametric
velocityfield:

wi(o) 2min( s ) (0] < [ 5] 1o 3))
fors = (z,y) € S. (4)

Onecanverify thatthe divergenceandthe vorticity of this
field decreases||s — s;||~2 beyond D;, andthey respec-

tively amountto div; 2 ¢; + f; androt; £ e; — d; within
this disk. Vorticescorrespondo significantlynon-zeroval-
uesof rot,;. Significantpositive (resp. negative) valuesof
div; correspondo sourcegresp. sinks). Both situations
canbecombinedwithin swirls. Seeexamplesn Figurel.

If K vortices/sinks/sourceare present,the total field
resultsfrom the sum of all w;’s with somelaminar flow
which “transports”"them. We malke interactthesedifferent
modelingingredientswith the densefield througha robust
goodness-of-fitostfunction:

Hi(dw, wigm, 01 - - 0k; w) 2

K
> pslllws + dw, — (wiam(s) + Y wi(s))[]  (5)
s i=1

wherew;,,, denoteghelaminarpartof the flow andg; 2
(51,74, a4, bi,ci,d;, e, f;)T gathersthe parameterselative
to theith vortex/sink/source.



3 Joint Estimation

Due to the classicalchoice of non-cowvex robust func-
tions, the overall enegy function may be highly non-
corvex. Appropriatedminimization schemesnustbe de-
signedto solwe this problem. Accordingto a reformulation
of the M -estimatortheminimizationmaybeeasilyhandled
in analternateway.

Assuming certain simple conditions (mainly conca-
ity of ¢(v) = p(v/v), see [3, 4, 8] for a com-
plete account),ary multidimensionalminimization prob-
lem of the form “find argmin, ), p(gi(z))” can be
turnedinto a “semi”-quadratiaminimizationproblem“find
argmin, . > .[72i9:(z)* + ¥(z;)]” involving auxiliary
variables (or weight§ z;'s continuouslylying in (0, 1].

. . . . . A
1 is an increasingfunction, dependingon p, and = =
lim, 04 ¢'(v). Functiony) may be easilycomputedrrom
p but it is never usedin practice. The new minimizationis
usuallyled alternativelywith respectto = andto the z;'s.
The expressiorbeingquadraticw.r.t. z if the g;'s arelin-
ear, the correspondingninimizationis conductedhrough
a standardveightedieastsquaesminimization. In turn z
beingfrozen, the bestweightsare given by the following
closedform [4, 8]:

R Plogi(=)] 1, 2
i = = — i . 6
sila) = BUEE8 = ~¢'lgi(@)”] (6)
The overall alternateprocedureconstitutesan iteratively
reweightedeastsquaesestimation.

Applying, thesereformulationsto our enegy function
H, + aH, + vH3 (with v beingsomepositive parameter)
leadsto the new globalenegy function 2 Hi +aHa +
vHs where:

Hy 2 3 0,[V f(s+w,, t+1) dw,+ fols,w,)*+01(5,),

seS

Ho 25 Borll(w, + duw,) — (w, + dw, || + (B,

<s,r>€C

Hs é Zfs”ws+dws_(w1am(s) + sz(s))uz + ¢3(£s)

seS

The appearingauxiliary variablesd,’'s and &,’s ly within
(0,1]. They are attachedto the imagegrid and they re-
spectvely accounffor the datamodelviolationsandfor the
“lik eness"deggreeof the estimateddensefield to its para-
metricrepresentation. Thethervariabless;,.’s areattached
to thedualedgegrid; they capturehespatialdiscontinuities
of velocity betweeradjacensites.

Assumingthatw andw,,, areavailablein someway,
the estimationof dw, K, 6,---6k, and the different

weightsis conductedn an alternateway. For a fixed in-
cremenftfield andparametriaepresentatiorthe minimiza-
tion of 7 with respecto theauxiliary variabless explicitly
givenby equation(6).

In turn, consideringgivenweightsandparametriaepre-
sentatiorof thevelocityfield, theminimizationwith respect
to dw amountdo solvinga standardveightedeastsquares
problem. This is conductechereby extendingan efficient
multi-parametri@daptve multigrid techniquentroducedn
[13].

As for the parametrianodel estimation,we have to es-
timatethe numberof sink/sourcesfortices,the size of the
diskssupportinghelinearmodelsof theflow andtheaffine
modelassignedo eachof them. For a given densefield
from which laminar componentis removed w + dw —
wiam = (u,v)7T, sinks,sourcesandvorticesshouldbe sin-
gular pointswhich canbe extractedin differentways. As
in [5], we usewinding numbes. The winding number(or
index) of a closedcurwe in a vectorfield amountsto the
numberof turns, ;& § d(tan™" u/v), thatthe field under
goesalongthe curwe. Its valueis +1 iff the consideredlor
dan curve surroundsa vortex/sink/source. Suchan index
is computedaroundeachpixel usinga small closedcurve.
Around eachvortex/sink/sourcea small blob (whosesize
depend®nthesizeof usedcurve) of +1-index pixelsis ob-
tained. The numberof blobsis K, andthe centerof theith
blob providess;.

At this stageit remainsto estimateradii r;, and pa-
rameters(a; - - - f;) for eachi. For a givenradiusr;, the
minimizationof Hz w.r.t. (a;--- f;) is anon-linearleast-
squareproblemthatcanbereadilysolvedusingiteratively
reweightedleast-squaredMinimization of Hs w.r.t. radius
r; is moreinvolved. Gradientdescentechniquesould be
usedto this end. Instead,we designeda simpler heuris-
tic. It is reminiscentto the approachin [10] where one
tries to find a compromisebetweenthe mostrobustlinear
regressior(usinga large neighborhoodpandthelesshiased
regressionnot usinga neighborhoodargerthatthe actual
“linearity” domain). Startingfrom a smallvalueof r;, we
male it grow. For eachnew valueof r;, the associategha-
rameterga; - - - f;) arecomputedIf thecorrespondingin-

gularpoint:
Ye Yi €i i bz

remainswithin the concernedlob of +1-index pixels,the
estimationis consideredsreliable,andwe proceed.If not
the procedurds stoppedandthe previousvalueof r; is se-
lected. The K parametrionodelsdefinedthroughthe §;'s
interactvia Hs. Usinga block Gauss-Seidahinimization



we updatethemiteratively accordingo:

T('ws—l—d'ws—

> &Pi(s)

seD;

- l > &(Pi(s) " Pi(s))

seD;

Wiam(s) + > Pe(s)8k |)  (7)
k#i
Al 0 z—umz —Y; 0 0
Wherep"(s):[o 1o 0 aom y—yz]'

for s = (z,y).

Sofar, laminarcomponentw,,,,, anddensefield to be
refinedw wereassumedsgiven. As usualin incremental
multiresolutiontechniquesthe latter oneis provided, via
simpleinterpolation by the densefield finally estimatecht
previousresolution.As for thelaminarcomponentit could
simply be consideredsaglobaltranslatiorto be estimated
in someway [14]. We tried to belessrestrictive. The lami-
narfield is takenasthevelocityfield estimatedt thecoars-
estresolutionwith the coarsesestimationgrid of themulti-
grid techniqueproposedn [13]. This very smoothfield is
thenproperlyinterpolatedon the currentresolution.

4 Experiments

We reporthereexperimentson the threedifferentkinds
of Meteosaimages:theinfraredchannelthevisible chan-
nel andthe watervaporchannel(Fig. 2 and3). In these
experimentswve usedthe samerobustfunction in thethree
enegy terms(namelyp(z) = 1 — exp(%- )) As for thepa-
rametenalueswe usecthesameonesin all theexperiments
(exceptfor thevisibleimagesequenc&herewe imposeda
higherregularizationterm). In the threecaseghe velocity
fieldsseenphysicallyplausiblethey arealsoin accordance
with what canbe expectedbasedon simplevisual inspec-
tion of thesequences.

Let us notice the essentialrole playedby the laminar
flow. Indeed,in situationswherethereis a large global
motion (suchasin the watervaporsequencé-ig. 2a), tak-
ing this “transport” field into consideratiorallows to re-
coveraccuratelythelocationof depressiondespitethe dis-
placemenbf their centersandto extractsecondaryortices
which would be lost in the whole flow otherwise(seethe
vortex in thelower right cornerof thewatervaporimagein
Fig 2a).

The combinationof the different flow representations
providesvery interestingresults. The parametricfield al-
lowsto geta physicalinterpretatiorof the flow. For exam-
ple, themainswirls (correspondingo depressionsppswell
ascountervorticesarewell captured.A sink anda source
canalsobe seenin the right lower cornerof the infrared
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Figure 4. Flow computedwith the generic model
[13] onthevisibleimage (similar setof parameter)

sequencé€Fig. 3). Besidethesestructuresof interestcap-
tured by the parametricfield, complex andlessstructured
informationis carriedby thelaminarcomponentaindthees-
timateddensevelocityfield.

It is alsointerestingto point out the benefitof the para-
metricmodelingin areaswith low photometrigradient.In-
deed,in theseareas(aswell asin regionswith mary data
outliers)velocityfieldsestimatedy theway of genericmo-
tion estimator(equ. 1) are poorly constrainecaindthe non-
linearsmoothnesgermtendsto introduceinexistentdiscon-
tinuities aroundand within theseregions (seeFig. 4). By
contrastthe parametrigprior introducedherecircumwents
in an elegantway this problem: In suchareasthefield is
not only dependenbn the spatialcontext, it is alsoguided
towarda smoothsolutionhaving muchmorephysicalsense
(seeFig. 2b).

5 Conclusion

In thispapemwe have proposedmethodo estimateiuid
flows. This methodrelieson the extensionof a genericro-
bust motion estimator This extensionconsistdn consider
ing in a coupledway the estimationof the velocity field
and of somestructuresof interestwhich are explanatory
to the unknown flow. The methodhasbeentestedon the
three kinds of Meteosatsatelliteimages. The recovered
flows seemdo bein accordanceavith the underlyingphe-
nomena. Comparedo classical(first-orderregularization
based)optical-flov estimatorsthis methodallows a more
robustestimationn largeareasof low photometriccontrast
anda betterextractionof highly diverging or swirling mo-
tions. Finally, the methodprovidessimultaneously dense
estimatiorof theflow anda structurecbarametriadepresen-
tationwhichis believedto retainrelevantphysicalinforma-
tion.
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Figure 2. Resultsampleon satellite Meteosatimages: (a) water vapor images and (b) visible images; extracted
vortices/sinks/soaes({s;,r; } £ ,), with K = 2, resp.5; estimatediensdieldsw; estimategarametricandlaminar
fieldswiam + Y i, w;; parametricfield aloneY % w;; laminarfield alonew;qn.
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