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Abstract

We proposea new approachto capturethevolumetricdensityof dynamicscatteringmediainstantaneouslywith a singleimage.
Thevolumeis probedwith asetof laserlinesandthescatteredintensityis recordedby aconventionalcamera.We thendetermine
thedensityalongthelaserlinestakingthescatteringpropertiesof themediainto account.A specializedapproximationtechnique
reconstructsthe full density�eld in thevolume.We apply the techniqueto capturethevolumetricdensityof participatingmedia
suchassmoke.

Key words: ComputerGraphics,Picture/ImageGeneration— Digitizing and Scanning,ComputationalGeometryand Object Modeling —
Physically BasedModeling

1. Intr oduction and Previous Work

The acquisitionof time-varying volumetric density
�elds hasrecentlyattractedthe attentionof computer
graphicsresearchers.Hasinoff and Kutulakos [1] pre-
senteda multi-view methodto volumetrically recon-
struct�ames usingaphoto-consistency approach.Ihrke
andMagnor[2,3] usedsparseview tomography to re-
construct�ames andoptically thin smoke from a small
setof cameraviews. Hawkins et al. [4] capturedtime-
varyingsmokedensityby rapidlyscanningalaserplane
througha volume and imaging the light scatteredby
individual smoke particlesfrom a lateral view with a
high-speedcamera(seeFigure1, left). Thisallowsthem
to samplelocationsin themoving light planewith high
spatialresolutionyieldinghighqualityrenderingsof the
capturedmodel.Physicalmeasurementsystemssuchas
Yip etal. [5] or laserinduced�uorescence(LIF) [6] fol-
low a similar approachandcapturethe whole volume
sequentially from a singleview.

Ourmethodis inspiredby singleview techniquesbut
takesafundamentallydifferentsamplingapproach:The

volume is illuminatedwith a grid of laserlines in or-
derto samplethewholevolumesimultaneously. Essen-
tially, the 2D laserplaneis discretizedandspreadout
to discretelocationsin space.The volume is captured
with a standardcamera.As illustratedin Figure1, this
trades(potentially)continuoussamplingin onespatial
domain(Dy) against continuoussamplingin the time
domain (Dt). Careful placementof cameraand light
sourcesavoidsocclusionswhenthe laserlinesarepro-
jectedontotheimageplaneandthefull but sparsersam-
pled 3D information is capturedwith a single image.
The samplingdensitycan be increasedby projecting
multiple grids of differently colored illumination into
thevolume.

This new sampling paradigm has several conse-
quences:
Decoupling of spatial and temporal sampling: The
systemcapturesthe volume with a single cameraim-
age. It thereforeenablescontinuoussampling in the
time domainallowing both integrationover long time
intervals for weaksignalsandextremelyshortacquisi-
tion timesfor fast-changingdatasets.
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Fig. 1. Different acquisitionapproaches.Left: Sequentialscanning
of the volumewith a planeof light as implementedby Hawkins et
al. [4] with discretesamplingin time (Dt) andonespatialdimension
(Dx). Right: New approachwith simultaneouscaptureof volume
densityusingline gridsasillumination anddiscretesamplingin two
spatialdimensions(Dx;Dy).

Incr easedtime resolution: Using the samecamera
hardware, frameratescanbe increasedby 1–2 orders
of magnitude.Furthermore,the system contains no
mechanicallymoving parts, i.e., the achievable time
resolutionis only limited by the imaginghardwareand
the illumination intensity.
Limited spatial resolution: Spatialresolutionis fun-
damentallylimited by thenumberof laserlinesthatcan
beresolvedby the imagingsystem.Samplingis denser
along the directionof the laserlines but spatialdetail
betweensampling lines is lost, resulting in potential
aliasing.
Density instead of photo-consistency: The actual
densityof scatterersis reconstructed(up to a scalefac-
tor) insteadof a photo-consistentrepresentationof the
volumeasin Hasinoff andKutulakos [1].

In the remainderof the paperwe �rst describethe
basicconceptsunderlyingour captureapproach(Sec-
tion 2). We then analyzeits propertiesand study the
resultingerrorsusing a syntheticsmoke dataset(Sec-
tion 3). Wedescribeourprototypicalacquisitionsystem
andshow resultsfor realcaptureddatasets(Section4).
Thepaperconcludeswith a discussion(Section5) and
futurework (Section6).

2. SystemDescription

Figure1, right, givesanoverview over themeasure-
ment setup.We assumethat the measurementvolume
containsa spatiallyvarying densityof scatteringparti-
cles that we would like to measure.Apart from their
density, the scatteringpropertiesof the individual par-
ticlesshouldbeconstant(or bewell approximatedby a
constant).Dependingon the sizeof the particles,scat-
tering will eitherbe dominatedby Mie scattering(for
larger particlessuch as typically found in smoke) or
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Fig. 2. Left: Situationfor an individual ray c. Right: Imageof the
actualacquisitionsetupwith cameraon theleft andtwo lasersources
(left nearcameraand blue box on the right). When active, smoke
is generatedbetweenthe two tables.

by Raleighscattering[7]. In the remainderof this sec-
tion, we�rst describetheprinciplesof radiative transfer
(Section2.1) anddevelop our imageformationmodel
(Section2.2).Section2.3showshow wecanrecoverthe
densityof scatterersalong the laserlines illuminating
thevolume.We �nally describein Section2.4 how we
canrecover thefull density�eld from this information.

2.1. RadiativeTransfer

We start our analysiswith the equationof radiative
transfer[8] which describesthe changein speci�c in-
tensityI (r ; ŝ) 1 for a small volumeelementds at a po-
sition r in spaceandin a directionŝ:

dI (r ; ŝ)
ds

= � rs t I (r ; ŝ) +
rs t

4p

Z

4p

p(ŝ; ŝ0)I (r ; ŝ0)dw0

+ e(r ; ŝ): (1)

The �rst term modelsa decreasein speci�c intensity
due to absorptionand outscatteringwhich is propor-
tional to thenumberof particlesperunit volumer and
the extinction crosssections t . The secondterm de-
scribesthe increasein speci�c intensitydueto inscat-
teringwhichdependsadditionallyonthephasefunction
p(ŝ; ŝ0). e(r ; ŝ) is theemissionfrom within ds.

In our measurementsystem(seeFigure1, right, and
Figure2 for the principle of the approachandthe no-
tation)we assumethat light is scatteredfrom homoge-
neousparticlesinsidethevolume.Theextinction cross
sections t and the phasefunction p(ŝ; ŝ0) areconstant
throughoutthe volumebut the numberof particlesper
unit volume r = r (r ) varies.We furthermoreassume
that the laser lines l i are generatedoutsidethe obser-
vation volumeso that thereis no emissioninside,i.e.,

1 Note that speci�c intensity can be converted into radianceby
integrating over the spectrumof the radiation.
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e(r ; ŝ) = 0. Thegoalof themeasurementsis to recover
r (r ) up to a scalefactor, i.e., it is suf�cient to recover
D(r ) = s tr (r ). Equation1 simpli�es then to the �rst
orderdifferentialequation

dI(r ; ŝ)
ds

= � D(r )I (r ; ŝ)

+
D(r )
4p

Z

4p

p(ŝ; ŝ0)I (r ; ŝ0)dw0: (2)

which we would like to solve undertheboundarycon-
ditionsgivenby our setupandassumptions.

2.2. Image FormationModel

We now take the speci�c situationof our measure-
mentsetupinto account:The incident intensity Ii at a
positionr0 wherethe backprojectedray c of a pixel p
with direction� ŝ intersectswith a laserline l i with di-
rectionŝl i canbecomputedas

Ii(r0; ŝ) =
D(r0)

4p
Il i (r0; ŝl i )p(ŝ; ŝl i ): (3)

This is, however, only valid if p covers the full width
of thelaserline l i . We will show in Section4.1how we
lift this restrictionin practice.

We assumein the following that Il i (r0; ŝl i ) = Il i is
constantalongeachlaserline l i andcanbe calibrated
in a separatestep.Following Ishimaru[8] we cannow
split the intensityalongthe ray c into two terms:

I (r ; ŝ) = Iri (r ; ŝ) + Id(r ; ŝ): (4)

The reducedintensity Iri (r ; ŝ) modelsthe decayof Ii
due to absorptionandoutscatteringalongc according
to the �rst term in Equation2:

Iri (s) = Ii(r0; ŝ)e� t = Ii(r0; ŝ)e�
Rs
0 D(r)ds: (5)

s measuresthe distancefrom r 0 alongthe ray c to the
pixel p. Notethatunlike [8], we treatIi(r0; ŝ) asa radi-
ation sourceinside the volume.The remainingcontri-
butionscausedby inscatteringfrom thevolumeareac-
cumulatedin thediffuseintensityId(r ; ŝ). Thespeci�c
intensitythatreachespixel p canthereforebedescribed
as:

Ip = Iri (s) + Id(s): (6)

2.3. RecoveringD(r) alongLaserLinesl i

Thegoalof this sectionis to recover thescaledden-
sity valuesD(r) along the laser lines l i . We rewrite
Equation6 usingEquations3 and5:

Ip =
D(r0)

4p
Il i p(ŝ; ŝl i )e

�
Rs
0 D(r)ds+ Id(s): (7)

This canberewritten as

D(r0) = 4p
Ip � Id(s)
Il i p(ŝ; ŝl i )

� e
Rs
0 D(r)ds: (8)

The phasefunction p(ŝ; ŝ0) can either be assumedto
be isotropic, theoreticallyderived from the properties
of thescatteringmedia[7], or bemeasuredexperimen-
tally [4]. Note,however, thatouracquisitionsetupeval-
uatesp(ŝ; ŝ0) only over a smallrangeof angles(all pos-
sible intersectionanglesof a laser line l i and a ray c
in Figure2). Locally approximatingp(ŝ; ŝ0) with a con-
stantyields thereforeonly a small error. The error can
beminimizedby placingthecamerafar away from the
scenein order to approximatean orthographicprojec-
tion. Il i canbedeterminedin a calibrationstepfor each
laserline l i .

ThediffuseintensityId(s) canbeestimatedfrom the
setof camerapixels N(p) in the spatialneighborhood
of p whosebackprojectedray doesnot intersectwith
any laserline l i :

Id(s) � Ĩd(s) =
1

jjN(p)jj å
p02 N(p)

Ip0: (9)

This assumesthatId(s) variessmoothlyover theimage
planeandcorrespondsto the removal of multiple scat-
tering in the calibrationpart of Hawkins et al. [4]. We
furthermoreneedto setĨd(s) = Ip if Ĩd(s) > Ip to avoid
physically implausibleresults,e.g.,dueto noisein the
acquisition.Undertheassumptionof opticallythin scat-
tering material,we can furthermoreset

Rs
0 D(r)ds = 0

without introducinga too large error. Equation8 then
becomes

D(r0) � 4p
Ip � Ĩd(s)
Il i p(ŝ; ŝl i )

(10)

which allows us to recover the scaleddensity values
alongall laserlines.
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2.4. Reconstructionof theEntire DensityField D(r )

Theprevioussectionintroducedanapproachto cap-
ture D alongthe laserlines.We will now discussboth
interpolationandapproximationapproachesto recover
D(r ) from this information.

2.4.1. Interpolation

Given the densityvaluesD alongthe laserlines,we
can employ an interpolation techniqueto interpolate
D(r ). Thepush-pullalgorithm[9,10], for example,�lls
in missingpartsin animageby iterative downsampling
and upsamplingof the image using a �lter kernel at
multiple resolutions.It canbe easilygeneralizedfrom
2D imagedatato 3D volumedata.

Thepush-pullalgorithmis ableto �ll in largemissing
partsat coarseresolutionlevels while it approximates
thehigh-frequency detailat the�ner levels.Beforeeach
iteration, the known valuesare reintroducedinto the
image resp. volume thus making the push-pull algo-
rithm an interpolationmethodthat preservesthe origi-
nal,measuredvalues.Any suchinterpolationtechnique
will however also preserve the non-uniformsampling
inherentin our datastructure.High frequency details
will only be available along the laser lines and yield
noticeableartifacts.Figure4 (b) showsareconstruction
resultof thepush-pullalgorithm.Thelinesonwhichthe
original densitieshave beensampledcanstill be seen
going from left to right.

2.4.2. Approximation

We thereforeopted for a more generalreconstruc-
tion approachthatapproximatesthesamplevaluesand
yieldsa smootherreconstruction.We formulateour ap-
proximationproblemas follows: Given are n discrete
samplesof measureddensityvaluesD(pi) at locations
pi (i = 0; : : : ;n� 1) on the laserlines.We thenapprox-
imatethe �eld at a positionr as

eD(r) =
å n� 1

i= 0 D(pi) � w(kr � pik)

å n� 1
i= 0 w(kr � pik)

: (11)

Theweightingfunctionw is de�ned as

w(x) =

8
<

:

0:5� cos(
x� p
R

) + 0:5 for x < R

0 else
: (12)

TheparameterR which determinesthewidth of there-
constructionkernel needsto be manuallyselectedfor

a given samplingcon�guration. Note that R hasto be
chosensuchthatin theR-neighborhoodof everypoint r
of thedomainthereis at leastonesamplepoint pi . Fig-
ure4 (c) shows a resultof this reconstructionapproach.
It looks muchmoresmoothandlacksthe artifactsdue
to the irregularsamplingof theoriginal volume.

3. Simulation

To performananalysisof adatasetwith groundtruth
we useda 100framesimulationof smoke emittedfrom
theborderof avolumeusingthetechniqueof Treuilleet
al. [11]. Thedatawasstoredasa643 voxel density�eld.
Assumingthateachdatasetis de�ned over thedomain
[0;1]3 and assuminga trilinear interpolationbetween
thegrid points,we have continuousscalar�elds fg for
eachtime framewhich actasgroundtruth.

In orderto reconstructonescalar�eld, weconsidera
bundleof 100raysstartingfrom ( 1

2; 1
2; � 3) andpassing

through( i
9; j

9;1) for i; j = 0; : : : ;9. Thenwe sampledfg
in its domainalongthe raysandapplyour approxima-
tion techniquewith parameterR = 8 to get a recon-
structed�eld f R= 8

1 . In a secondtest, we add a sec-
ondbundleof 100 raysstartingat (� 5; 1

2; 1
2) andpass-

ing through(1; i
9; j

9) for i; j = 0; : : : ;9. The�eld recon-
structedfrom these200 rayswith R= 8 is f R= 8

2 . Fig-
ure 3 shows fg; f R= 8

1 , and f R= 8
2 for Frame60 of the

dataset.While both reconstructionsfaithfully represent
the overall structureof the �eld, it is clear that many
high-frequency detailsarelost. We thereforecomputed
a smoothedversionof the groundtruth �eld by con-
volving it with a normalizedversionof the reconstruc-
tion kernel w (Equation12). Figure 3(d) depicts the
smoothedgroundtruth �eld f R= 8

g for a kernel radius
R = 8 which is well approximatedby both, f R= 8

1 and
f R= 8
2 .

For comparison,wealsousedthepush-pullalgorithm
describedin Section2.4.1on thesamedataset.For the
reconstruction,we sampledeachvolume with 2 bun-
dles of 100 rays as beforeso that both reconstruction
algorithmswork on the sameinput data.We show the
interpolationresult using the push-pull algorithm for
Frame60 of thedataset( f pp

2 ) in Figure4(b).Theresult
is not so smoothas f R= 8

2 for the sameframeshown in
Figure 4(c). The lines on which the volume hasbeen
sampledcanbestill beseenashorizontalartifacts.
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(a) groundtruth fg (b) reconstructionf R= 8
1 us-

ing one bundle of 10� 10
rays

(c) reconstructionf R= 8
2 us-

ing two bundles of 10� 10
rays

(d) smoothed ground truth
f R= 8
g

Fig. 3. Resultfor the simulatedsmoke dataset.(a): Renderingof Frame60 of the syntheticsmoke dataset.(b) and (c): Reconstructionusing
one bundle and two bundlesof 10� 10 rays, respectively, and R= 8. (d): Renderingof the smoothedoriginal volume with R= 8.

(a) groundtruth fg (b) interpolationf pp
2 usingthepush-pull

algorithmwith 2 bundlesof 10� 10 rays
(c) approximationf R= 8

2 using2 bundles
of 10� 10 rays

Fig. 4. Frame60 of the syntheticsmoke dataset,rotatedby 75 degrees.(a): Ground truth. (b) and (c): Reconstructionusing the push-pull
algorithm and our approximationtechnique.Note the line artifactsin the interpolatedresult f pp

2 .

3.1. Error Analysis

We de�ne the RMS error betweentwo scalar�elds
f and f 0 storedasa voxel densitiessampledat a setof
identicallocationsV as

RMS( f ; f 0) =

s
å vi2 V( f (vi) � f 0(vi))2

kVk
: (13)

In practice,V correspondsto thesetof 643 voxelsde�n-
ing our �eld. Figure5 depictsthe RMS error between
variousversionsof the �eld for all 100 framesin the
dataset.The densityvaluesin the original datasetvary
between0 and1.6.

The RMS errors betweenthe ground truth fg and
the reconstructionsfrom one and two ray bundles
( f R= 8

1 and f R= 8
2 ) arealmostidentical.The RMS error

decreasesdrasticallywhen it is computedagainst the
smoothedversion of the ground truth f R= 8

g . Further-
more, the reconstructionfrom two ray bundles f R= 8

2

comparesnow much better than the reconstruction
from a singleray bundle f R= 8

1 . This suggeststhatmost
of the error in the reconstructionsis dueto the sparse
sampling and smooth approximationthat suppresses
high frequency detail.To verify this, we computedthe
RMS error RMS( fg; f R= 8

g ) betweenthe ground truth
�eld andthesmoothedversionof thegroundtruth �eld.
Figure5 showsthatthiserroris only slightly lower than
RMS( fg; f R= 8

2 ), i.e., most of the reconstructionerror
seemsto bedueto the lossof high frequency detail.

Figure6 shows theRMS errorfor theapproximation
techniqueandthe interpolationusingthe push-pullal-
gorithm.Theerrorproducedby thepush-pullinterpola-
tion is lower thanthatof thereconstructionthroughout
the wholedataset.This might be an indicationthat the
push-pullalgorithmdoesa betterjob reconstructingthe
high-frequency detail.
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Fig. 5. Various RMS errors for the 100 frames containedin the
simulateddataset.Horizontalaxis:framenumber. Verticalaxis:RMS
error. The density values in the original datasetvary between0
and 1.6. The �rst two lines show the RMS error betweenground
truth fg and the reconstructionusing 1 and 2 bundles of laser
rays,RMS(fg; f R= 8

1 ) andRMS(fg; f R= 8
2 ), respectively. Thethird line

representsthe RMS error betweengroundtruth anda versionof the
groundtruth which hasbeensmoothedusingthesamekernelthat is
usedin the reconstruction(RMS(fg; f R= 8

g ), Equation12). The two
lines on the bottom of the graphshow the RMS error betweenthe
smoothedgroundtruth andthe reconstructionusing1 and2 bundles
of laserraysRMS(f R= 8

g ; f R= 8
1 ) andRMS(f R= 8

g ; f R= 8
2 ), respectively.
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techniquesfor the 100 framescontainedin the simulateddataset.
The approximationwas computedusing 2 bundles of laser rays
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2 )). The error for the push-pull algorithm is shown by
RMS(f pp

2 ). Horizontalaxis: framenumber. Verticalaxis:RMS error.

4. Acquisition System

We built a prototypeof anacquisitionsystemto test
our ideasin practice.Thesetupcontainstwo collimated
lasersources– a 130mW red laseranda 30mW blue
laser. Eachcollimated laserbeamis transformedinto
a bundle of perspective rays using a burst grating. A

Fig. 7. Acquired image of smoke and reconstructeddensity �eld.
Left: Input image with two independentgrids of laser lines (red,
blue) sampling the volume and diffuse green illumination (image
intensity rescaledfor display). Right: Density �eld reconstructed
from this single image.

blackmasklimits thenumberof raysin eachbundleto
5� 5 raysfor eachlaser. Thegeneratedray bundlesare
roughly perpendicularto eachother; their intersection
de�nesameasurementvolumeof about50� 24� 50cm3

(seeFigure2, right, for an imageof the measurement
setup).We usea smoke machineto createa spatially
varyingdensityof scatteringmedia.

A high quality color CCD camerais usedto capture
imagesof the measurementvolume.Its placementen-
suresthat no two raysof the samecolor projectto the
samelocationon the imageplane.We arethusableto
capturethe two bundlesindependentlyusing the cam-
era's red and blue channel.In addition,we illuminate
themeasurementvolumediffuselywith greenLEDsand
usethe greenchannelof the camerato capturesimul-
taneouslya groundtruth imageof theacquireddataset.
Figure 7, left, shows an example input image of the
system.Althoughall threelight sourceshave a narrow
spectralresponse,weobservecrosstalkbetweenthetwo
laserswhich we remove usingstandardimageprocess-
ing techniques.

4.1. Calibration andCapture

For geometriccalibrationof thecameraandthelasers
we captureseveral high-dynamicrangeimages[12] of
eachbundle of laser rays illuminating a yellow and
white checkerboardpattern.This allows us to reliably
detectthe cornersof the calibrationpatternaswell as
the centersof the laserspots.After computingthe 3D
locationof thesespotsusinga calibrationtoolbox [13]
we canestimatethepositionof the laserlines in space
relative to thecamera.Figure8 (left) showsavisualiza-
tion of the spatialsamplingin which the two bundles
of laserrays are clearly visible. Using the calibration
data,we can now extract samplesIp from the camera
imagesby marchingdenselyalong the projectionsof
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Fig. 8. Geometricandphotometriccalibrationof thesetup.Left: Vi-
sualizationof thespatialsampling.Thetwo bundlesof laserraysare
clearlyvisible. Right: Calibrationimagefor theblue laserto recover
the relative intensitiesIl i for the individual rays (tone-mapped).

the raysandtaking a sampleat eachstep.As notedin
Section2.2, we needto ensurethat the full width of
the projectedlaserline is captured.We thereforeinte-
gratethecontributionsto Ip alonga small line segment
perpendicularto the projectedray direction. We then
low-pass�lter and downsamplethe obtainedintensity
samplesalongeachray in orderto reducenoiseandfa-
cilitate further processing,yielding about150 samples
per ray.

Theburstgratingscreatebundlesof rayswhereeach
laser line can have a different intensity. We therefore
needto recover therelative intensityIl i of all laserlines
in eachbundle in the calibration phase.To this end,
we capturea high-dynamicrangeimage per laser of
a sheetof subsurfacescatteringplastics2 illuminated
by the correspondingray bundle (seeFigure 8 right).
We integrate the laser intensity over a constantarea
aroundeachlaserspot to get Il i . The two lasersmight
still behave differently, e.g.,dueto differentscattering
propertiesfor different wavelengths.In a subsequent
calibrationstep,we thereforecaptureimagesof smoke
andrecover separatedensity�elds Dred andDblue for
the red resp.the blue laserbundle.We thendetermine
a scalefactork thatminimizestheRMS errorbetween
Dred andk� Dblue andscaletheinput datafor theblue
channelaccordinglybeforereconstructingthe density
�eld.

4.2. AcquisitionResults

Wecapturedseveraldatasetswith theacquisitionsys-
tem describedin Section4 and depictedin Figure 2
(right).All imagesweretakenwith 0.25sexposuretime.
Capturedresultsareshown in Figures7 and9. There-

2 The subsurfacescatteringmaterialspreadsout the laserintensity
over a greaterarea.Therebythe dynamicrangeof intensitythat has
to be measuredis reduced.

Fig. 9. Resultsfor smoke from a smoke machine.The threeimages
were taken in sequencefrom top to bottom. The imageson the
left show groundtruth photographsof the sceneextractedfrom the
green channel.The imageson the right show renderingsof our
reconstruction.

sultsare renderedusinga raytracing-baseddirect vol-
umerenderingapproach.

Figure7 showsaninput imagecapturingsmokefrom
a smoke machine.The intensity variationsalong the
laserlinesareclearlyvisible. In addition,thebluelaser
linesarebrighterandtighterfocusedthantheredlines.
This is correctedby integrating over the width of the
laserline (Section4.1 andby the intensityscalingde-
scribedin Section4). In the result imageon the right,
note,how muchdetailcouldbereconstructedfrom this
singleinput view.

Figure 9 shows comparisonsbetweenground truth
photographsandrenderingsfor threeimagesof dataset
consistingof 50imagescapturedatapproximately3 fps.
Note that thespeedis mainly constrainedby the frame
rateof thecameraandnotby themeasurementprinciple.
The groundtruth photographswereextractedfrom the
camera's greenchannelasdescribedin Section4. The
reconstructeddatasetcapturedthe overall shapeof the
smoke aswell asprominentfeatures.Its resolutionis,
however, limited dueto thesparsesamplingusingonly
5� 5 gridsof laserlines.

5. Discussion

We presenteda new approachto sampledynamic
volumetric density �elds using grids of laser lines as
illumination. This allows us to continuouslysamplein
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the time domainat the costof sparsersamplingon the
spatialdomain.

Like othermeasurementsystemssuchasHawkins et
al. [4] or Narasimhanet al. [14], we areassumingthat
thescatteringbehavior insidethemeasurementvolume
is dominatedby singlescattering.This limits both, the
sizeof themeasurementvolumeandthedensityof the
scattererinside the volume, due to two effects: First,
theintensityof thelaserraysIl i andthescatteredinten-
sity Ip decreaseinsidethemeasurementvolumedueto
outscatteringandabsorptionyielding a systematicbias
in thereconstructed�eld D(r ). Modelingandinverting
thiseffect for spatiallyvaryingdensitiesis dif�cult even
if all scatteringparametersareknown.

Second,as the diffuse intensity Id increases,the
signal-to-noiseratio for the measurementof the di-
rectly scatteredintensity decreasessigni�cantly. This
is a fundamentalproblemto all approachesof this kind
which can be only partially compensatedfor, e.g.,by
subtractingthediffuseillumination [4]. Narasimhanet
al. [15] recognizedthis problemandsolve it by avoid-
ing multiple scatteringin the �rst place.They dilute
their working medium until single scatteringclearly
dominatesits scatteringbehavior.

6. Futur e Work

Thereareseveral directionsfor further researchim-
proving both the acquisitionsetupandthe reconstruc-
tion of thecompletedensity�eld.

A differentcamerasystemwould allow usto operate
thewholesetupatahigherframerateremoving motion
blur from capturedimages.

Thepropertiesof thegratingsthatareusedtogenerate
the ray bundleshave a greatimpacton the sizeof the
volume that can be effectively measuredand on the
numberof linesthatcanbeused.Therapiddecreasein
intensityfor theouterlinesof thegrid imposesa strong
limit on the numberof usefulrays.The anglebetween
individual linesof thegrid limits thesizeof thevolume
whichcanbesampledatacertainspatialsamplingrate.
All thesepropertiesdo not only dependon the grating
itself, but also on the wavelengthof the lasersource.
Thus,thegratingshave to becarefullychosento match
anexisting laser.

Dueto all theseproblemsit mightbepreferableto use
individual lasersources(e.g.,a setof laserpointers)to
generatethelinesindependentlyinsteadof asinglelaser
andagrating.Thiswouldallow amuchdensersampling
grid. The numberof laserlines is thenonly limited by

theirprojectedwidth in thecapturedimage.It couldalso
greatly facilitate the setupof the whole system,since
anoccludedline couldbemovedindependentlyuntil it
is visible. Furthermoreit would minimize the needfor
a calibrationof the intensities.

The currentdataprocessingapproachmakesno as-
sumptionaboutthe structureof the density�eld D(r )
and yields thereforea smooth reconstructionof the
smoke volume(especiallyin sparselysampleddimen-
sions).Reconstructionalgorithmsthatmakeuseof prior
knowledgeof the structureof the data(e.g., [16]) can
improve the visual quality of the reconstructeddensity
�eld. Alternatively, the structurecould be inferred by
analyzingthe frequency contentin densersampleddi-
mensionsin thespirit of Dischleret al. [17].
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