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Abstract

We presenta recoding scheme image formationmodel
andreconstructiommethodthat enablesmage-basednod-
elingof owing bodiesof waterfrommulti-videoinputdata.
Therecodedwateris dyedwith a uorescentthemicalto
measue the thicknessof a column of water which leads
to an image formationmodelbasedon integrated emissiv-
ities along a viewing ray. This modelallows for a photo-
consistencybasederror measue for a weightedminimal
surface which is recorered usinga PDE obtainedfromthe
Euler-Lagrangianformulation of the problem. Theresult-
ing equationis solvedusingthelevel setmethod.

1. Intr oduction

Recently newv multi-view reconstructiorproblems,dif-
ferent from the traditional diffuse surface reconstruction,
have emepedin the eld of computewision. Thesenclude
multi-view reconstructiorof time-varying, transparentat-
ural phenomenéike re andsmole[6, 5, 1].

The work so far concentrate®n non-refractingmedia.
In this paper we presenta level setmethodfor the recon-
structionof atime-varyingfree o wing watersurface.This
problemarisesn thecontext of free-vievpointvideo,where
we areconcernedvith theautomaticacquistionof dynamic
modelsfor computergraphicspurposes. The main prob-
lem hereis thatthe surfacestructurecannot be determined
with traditionalmethodsdueto refractioneffects,implying
acomple imageformationprocessWe alleviatethis prob-
lem by dyeingthe waterwith a uorescentchemical. This
allows usto directly measuréhethicknessof thewatervol-
umeasaray passeshroughit andhitsthe CCD-chipof the
camera. In addition, a sophisticatecenegy minimization
methodis utilized for the reconstructiorprocesswhich is
ableto correctlyincorporateerror functionsdependingon
surfacenormals. Obviously, this is a vital requirementf
onewantsto take into accountrefraction.

Image-basednodeling of natural phenomenasuitable
for free-viavpoint video is performedusing sparseview
tomographianethodg6, 1] or surfacebasedmethodg5].

g@mpii.de

Figure 1. Source images from two of the cameras for
one frame of our test video sequence, in whic h we pour
uorescent water from a bottle into a glass.

Recheetal. reconstructreesfrom still imageg11]. In [9],
the geometryof hair is retrieved usinga singlecameraand
varyinglight sourcepositions exploiting theanisotropiae-
ectancepropertiesof hair.

Only limited work has beendone which directly ad-
dressedmage-basedeconstructiorof water In [8], atime-
varyingwatersurfaceis obtainedy analyzinghedistortion
of a known texture beneaththe watersurfaceusingoptical

o w andshapdrom shadingechniquesSchultz[12] stud-
ies the reconstructiorof specularsurfacesusing multiple
cameras.However, both of thesemethodscanonly deter
mineaheight eld for arectangulasurfaceareawhile we
reconstrucfully three-dimensiondodiesof water

Anotherline of researchs refractive index tomograply
e.g.[10, 14]. Thesemethodsusually needexpensve ap-
paratuseanddo notlendthemselesto image-basediod-
elling. Whereasefractve index tomograply attemptgo re-
constructa eld of varyingrefractive indices,we know that
we have aconstantefractiveindex andneedto computethe
surfaceof avolumetricbody of watet

Our paperis organizedasfollows. Sect.2 de nesthe
reconstructiorproblemwe wantto dealwith and presents
a mathematicajusti cation for the level setsurface ow
yieldinganoptimalsolution.Detailsfor theimplementation
using PDEsare discussedn Sect.3. We presentresults
obtainedwith bothsynthetic2D dataaswell asrecorded3D
dataof o wing waterin Sect.4, andconcludewith ideasfor
futurework in Sect.5.



Figure 2. Left: Excitation and emission in uor ophores:
the excitation wavelength changes the amplitude of the
emission spectrum only, the prole stays the same.
Right: The use of lter s generates a proper excitation
light source, and allows the observer to measure the
emitted spectrum without interf erence from the excita-
tion light sour ce.

2.General ReconstructionProblem

Our goalis to reconstructhe surfaceareaof a possibly
moving body of water usingrecordingsrom only a hand-
ful of fully calibratedcameraglistributedaroundthescene.
In orderto be ableto work with a well-de ned imagefor-
mationmodel,specialcarehasto betakenwhenacquiring
the watervideo data. We employ a uorescentdye which
causeghe waterto emit visible light whenexposedto UV
radiation. An exampleinput imagefrom a singleframeis
shavnin Fig. 1.

This sectionembedghereconstructiomproblemwe want
to dealwith in a rigorousmathematicaframewnork. Sub-
section2.1 discusseshe imageformation modelunderly-
ing the optimization. It shavs how to generatesynthetic
views given a certainreconstructedsurface , which can
be comparedto recordedreal-world datain orderto de-
ne aphoto-consistencerrormeasure.The 'best' surface
is determinedby minimizing an error functional optimiz-
ing photo-consistenc Thefunctionalis de ned in subsec-
tion 2.2, while the mathematicafoundationsfor its mini-
mizationusinga level setsurface o w areadressedh sub-
section2.3. After thetheoreticaldiscussionn this section,
we proceedvith thedetailsof theimplementationn Sect.3.

2.1.Image Formation Model

We dissole thechemicalFluoresceinn thewater Fluo-
resceinexhibits a photo-luminescerttehaior i.e. it hasthe
ability to absorblight of higher enegy and subsequently
re-radiatelight with a lower frequeng thanthe light used
for excitation. Fig. 2 explainsthis principle. The emission
spectrums independentf the excitationwavelength,only
theamplitudeof the emittedlight changesA schematiof
our studiosetupis shavn on theright handside. We place

Iters in front of the light sourceandthe camerasrespec-

tively. Thetwo lters allow usto measureghe emittedlight
only, whichin turnletsustreatthe body of waterasa self-
emissve medium.

We evenly dissole thedyein thewaterandusea strong
UV sourceto illuminateit. This allows usto assumeacon-
stant uorescentemissvity throughoutthe volume. Thus,
the accumulatedight intensity along a ray tracedthrough
the water can be computedby multiplying its total length
within the volume with a constantemittance . Further
more,acolor calibrationon the camerass performedsuch
thatthey exhibit a linearresponseo theincominglight in-
tensity scalinglight intensityto imageintensityby afactor
of

Now, letp beapointin theimageplaneof camereC, and
¢ bethecameras centerof projection.We wantto compute
thetheoreticapixel intensityl (p) in thepresencef asur
face , enclosingavolumeV of waterpreparecasabore.
Let R(c;p) betheray tracedfrom c in the directionof p
throughthe surface , taking into accountcorrectrefrac-
tion, Fig. 4. We ignore scatteringand extinction effectsin
thewatervolume.Then,

z z
I (p) = ds = ds:
R(cip)\ V R(cip)\ vV

The lastintegral just measureshe lengththe ray traverses
throughV . In orderto avoid having to determinethe con-
stantfactor  experimentallyby acquiring and measw
ing a calibrationscene we implementan auto-calibration
schemeAll imageintensitiesaredividedby theaveragein-
tensityof the pixelsin theimagewithin the silhouette and
all ray-tracedntensitieshy the averageintensityof therays
correspondingo thesepixels. The resultingquotientsare
independendf the quantity

Now thatwe areableto computesyntheticviews given
asurface , we have to determinehow well areconstruced
surface ts agivensetof inputviews. If weareableto quan-
tify theerror, it canbe usedto de ne anenepy functional
mappingsurfacesto real numberswhoseminimumyields
anoptimalreconstructiomesult. This aimis pursuedn the
next subsection.

2.2.Energy Minimization Formulation

We have to take careof photo-consistencof a recon-
structedsurface with the givensourceimages.We setup
anenegy functional

z

AQ) = (sin(s)) dA(s); )

de ned asanintegral of the scalarvaluedweight function
over the whole surface. ( s;n) measureghe photo-
consisteng error density and may dependon the surface



point s andthe normaln at this point. The larger the val-
uesof , thehigherthe photo-consistencerror, sothe sur
facewhich matcheghe giveninput databestis a minimum
of this enegy functional. Becauserefractionoccursfre-
quently thedependencof theerrormeasurenthenormal
is avital partof ourmethodjn contrasto mary otherprevi-
ousapplicationsof weightedminimal surfacesin computer
vision.

The questionremainshow to correctly choosethe error
measure.ldeally, we would wantit to be the differenceof
themeasuredntensityin every camerawith thetheoretical
intensity which would look somethindik e this:

() i i)

i=1

nave(S;N) =

wherel . (s) is the ray-tracedimage intensity assuming
surface , |; istheithimage,and ; theith cameras pro-
jectionmapping.

While the generalideais goodandexactly whatwe im-
plement,in this initial form it facesseveral problems,the
worst of which is that we have to be able to evaluatethe
error function away from the surfacein orderto perform
thesurfaceevolution later We postponehe exacttechnical
de nition to Sect.3, in favor of a discussiorof the general
mathematicaloolswith whichto nd aminimumof anen-
engy functionalof theform above.

2.3.Level SetSurface Flow

Insteadof implementinga surfaceevolution directly, we
will make useof thelevel setidea. We expressthe surfaces

for eachparametewralue 0 asthezerolevel setsof
aregularfunction

u:R® R% R; us; )=0, s2 : (2
Werequireu( ; ) tobenegativeinsidethevolumeenclosed
by ,andpositive ontheoutside.

As we proved in [4], we arrive at a local minimum of
theerrorfunctionalif we choosea goodinitial startingsur
face ¢ andevolve this surfaceaccordingto the evolution
equation

@ ) ru
—u = div —
@ ir uj

which we have to implement.

+ div () jruj; 3

3. Implementation

In this section,we go into the detailson how to imple-
mentour reconstructiorscheme. Subsectior.1 speci es

s
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Figure 3. Evaluationofthepartial error function ; for
a singlecamean.. The length difference between rays
traced through the distor ted surface Oand the undis-
torted surface is just ks VK. Note that n is not
necessaril y the exact surface normal, it may vary close
to it in order to evaluate the derivative of  with respect
to the normal.

the constructionof the error function. For a stableevolu-
tion, we have to make surethatthe surfacedoesnot shrink
belov theimagesilhouettesWe nally describeheimple-
mentationof the PDE asa narrav bandlevel setmethodin
subsectiorB.2.

3.1.Construction of the Err or Function

Of particulardif culty istheevaluationof theerrorfunc-
tion ( s;n) for agivenpoint s andcorrespondingiormal
n. The problemis thatthis term hasto be evaluatedaway
from the currentsurface in orderto computethe deriva-
tivesin (3), i.e. for pointsthatdo not lie directly on the
surface,andwith anormalwhich maybedifferentfrom the
currentsurfacenormal. The particularquestiononeasksin
that caseis whatlocal errorwould ariseif the surfacewas
distortedsuchthatit liesin s with normaln. For this rea-
son,raytracingin orderto evaluatetheerrorfunctionhasto
be performedfor a distortedsurface ° The computation
of ( s;n) isthusperformedn threesteps.

In the rst step,we constructthe distortedsurface °
throughwhichraysaretraced.We haveto change locally
in a reasonablysmoothmannersuchthat the new surface
passeshroughs. At this momentwe do notyet careabout
thenormal. Assumefor now thats lies outsidethe volume
V enclosedy . Thedesiredresultcanthenbeachieved
by unitingVV with aball B centeredn the pointv closest
toson , with radiusks vk. Vice versa,if s liesinside
V , thenwe canachieve the resultby subtractingB from
V , Fig. 3.

The secondstepis to de ne the set of camerasC =



Figure 4. The rays used to generate aview from the upper
left direction, visualizing the comple xity of the image for-
mation process. Top: resulting 1D view, intensity of each
pix el is propor tional to the length of the yellow segments
for the corresponding ray.

ally, sincethe mediumis transparentwe would like to
considerall cameraswe have available. Unfortunately
this would requireto nd for eachcamerathe ray pass-
ing from thecameracenterto s, possiblyrefractedmultiple
timeson theway. This computationde nitely is too time-
consuminglInsteadwe only considetthosecamerasvhich
have agoodenoughunobscurediew of v with regardto the
original surface.More precisely eachcameraC; belonging
to C mustmeetthefollowing two criteria:

The straightline from v to the centerof projectionc;
mustnotintersect , and

The ray starting from v in the refracteddirection
(v ¢;n) musttravel insideV in thebeginning.
is computedusing Snell's law, usingthe index of re-
fractionof waterfor insidethevolume,andof vacuum

for outside.

In the third step, we nally compute the photo-
consisteng error ; for eachcontributing cameraC; and
averagethoseto getthetotal error . Eachindividual error
is computedasfollows: Let I; i (s) betheintensityof
theprojectionof s in imagel ;, andr;(s;n) betheaccumu-
latedintensityalonga ray tracedfrom s into the refracted
direction (s ¢;n). Then

i(s;n) == (i i(9)

This correspondd¢o comparingthe imageintensity to the

ri(s;n)?:
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Figure 5. Convergence of the results depending on the
number of input views.

ray-tracedntensity of a ray castfrom the camerato s, re-
fractedasif by a surfacelocatedin s with normaln. Thus,
thedesirednormaln is alsocorrectlytakeninto account.

3.2.PDE Discretization

In orderto implementthe level setevolution equation,
thevolumesurroundinghesurface hasto bediscretized.
We use a regular three-dimensionabrid of evenly dis-
tributedcellswith variablespatialresolutionof usually64*
or 128 cells. The surfaceis evolved accordingto the nar
row bandlevel setmethod[13], startingthe evolution with
thevisualhull surface o andthevaluesuy’ * of the corre-
spondindevel setfunctionug in thecentersof thegrid cells.
The valuesof the level setfunction are updatedteratively
usingthe upwind scheme. At iterationstepi + 1, the new
valuesu)y/ areobtainedrom thevaluesu” * of the previ-
ousiterationstepby adiscreteversionof equation(3) using
an explicit time step. To ensurestability, the stepsize
mustbe chosensuchthatthe level setsof u; cannotcross

morethanonecell atatime,i.e. satisfythe CFL-condition.
4. Results

4.1.Synthetic 2D Experiments

In orderto verify thatour surfaceevolutionis capableof
producingcorrectresultsdespitethe complex problemwe
wantto solve, we rst testit on synthetic2D data.We ray-
traceseveral views of two differenttestvolumesusingthe
imageformationmodelpresentedéh Sect.2.1. The rst vol-
umeis designedo testhow well the algorithmcanrecover



(a) The rst syntheticvolumetogethemwith 16 input views. Below
eachview is shovn thesigneddistancedransform of thesilhouette.

(b) The secondsyntheticvolume,alsotogetherwith 16 input views
andsigneddistanceransformof the silhouette.

Figure 6. Synthetic test volumes and ray-traced views. Red color denotes positive values of signed distance , blue color

negative values.

(a) Convergencetowardsthe rst testvolume,after0, 100,200,and
300iterations.

(b) Corvergencetowardsthe secondestvolume,after0, 15, 30, and
45iterations.

Figure 7. The best results we achieved using 24 input
views, together with several in-between stages of the
iteration.

concaities, while the secondvolumeis not connectedand
hasa mixture of straightandround edges. Both testvol-
umesandresultinglD views areshovnin Fig. 6. An exem-
plary tracethroughthevolumecanbefoundin Fig. 4. This
tracegivesa glimpseof the complity of the reconstruc-
tion problem,anddemonstratesow heavily theray-tracing
resultdepend®nthenormals.

We run our algorithmwith different numbersof input
viewsin orderto testthedependencef corvergenceonthis
critical parameter The resultsare shavn in Fig. 5. Con-
vergencebecomestablewith eightor morecamerasised,
with twelve views requiredin themorecomplex secondest
case We canalsonotethatthereis a quick saturatiorof re-

constructiomuality with respecto the numberof cameras.

The visual hull doesnot improve muchmoreif morethan

16 camerasreused,in accordancevith earlierresults[7].
In addition,thequality of thereconstructiompeaksataround
24 camerador bothtestvolumes.Interestingly morecam-
erasdonotnecessarilymply abetteresult,whichindicates
thatagoodplacemenbf thecamerass atleastasimportant
astheir sheemumber The bestreconstructiorresultswere
achiezed with the moderatenumberof 24 camerasshovn
in Fig. 7.

In all casesthealgorithmrunswith the sameparameter
valuesof ; = 0:1and , = 100 It exhibits a very sta-
ble behaiour against parametecchangesasthe following
tablesuggests Here, 24 Camerasare usedfor the estima-
tion of the rst testvolume,andthe errorafter exactly 200
iterationsdependingon differentparameteraluesis noted
down.

1
001 0.1 0.5 1 5
1 0.07 U u u U
10 | 0.05 0.04 0.06 U u
2 50 | 0.16 0.07 0.03 0.04 U
100 | 0.04 0.05 0.04 0.06 U
1000 | S S S S 0.03

As arule of thumb,thereis a certainthresholdvaluefor the
speedupermabovewhichit acceleratetheevolutionabove
astablelimit, causinghe surfaceto shrinkuncontrolledbe-
low the silhouettes.Thisis indicatedby a“U” in thetable.
Too low a choiceof ; hasnoill effectson stability, but
slows down the corvergencea bit. , cansafelybe chosen
someavherebetweenl0 and 100 without much effect, but
may causethe surfaceto be stuckat anundesireablspotif
settoo high, asindicatedby the“S” in thetable.

4.2.Real-world Water Videos
For thereal-world tests we useamulti-videostudiocon-

sistingof 8 CCD-camerasvith aresolutionof 1004 1004
pixels. Thecameraganrecordataframe-rateof 45frames



Figure 8. Reconstructed stream of water placed in a vir-
tual environment. Left: Turning water into wine - we
chang ed the material properties of the water such that it
resemb les red wine. Right: Close-up of the water sur-
face, showing the details of the reconstructed geometry.

persecond A 300W UV light sourcds employedto illumi-
natethe Fluorescein-dyewvater We acquiretestsequences
usingadarkstudio,the excitationlight sourceandthe uo-
rescentwaterbeingthe only sourceof light. This measure
allows for simplebackgroundsubtraction.The reconstruc-
tion is performedon an equidistant,uniform grid of 128
voxels. An exampleof a reconstructedvater surfaceren-
deredin a virtual ervironmentandwith changedmaterial
propertieds shovnin Fig. 8.

5. Summary and Conclusions

We have presentech methodfor the reconstructiorof
o wing water surfacessuitablefor free-vievpoint video.
A novel recordingmethodologyand a correspondingm-
ageformationmodelallow usto de ne a photo-consistenc
constrainbnthereconstructedurface.We utilize weighted
minimal surfacesto re ne the visual hull of the waterus-
ing constraintdasednthicknesameasurementsf thereal
surface.Theresultingenegy functionalis minimizedusing
the EulerLagrangeformulationof the problem,leadingto
apartialdifferentialequation.This PDEis solved by apply-
ing the well known level setmethod. Synthetictestsindi-
catethatthe solutionof the equationis stable. Real-world
testsdemonstratehe suitability of our methodfor the re-
constructiorof water

Our Futurework includesresearchnto the applicabil-
ity of our methodto the reconstructiorof otherrefractve
media. Additionally, we would like to develop a hierarchi-
cal representationf the underlyingcomputationalgrid to
achiere a higherresolutionreconstructiorwhich allows to
resohe ner details.
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