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Abstract
We give a methodfor improving the resolutionof surfacescaptured with a laser range scannerby combining
manyvery similar scans.This idea is an application of the 2D image processingtechniqueknownas super-
resolution.The input lower-resolutionscansare each randomlyshifted,so that each one contributesslightly
differentinformationto the�nal model.Noiseis reducedbyaveraging theinputscans.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:SurfaceAcquisition

Laserrangescannersareusedto capturethegeometryof
three-dimensionalobjects.They areusedfor reverseengi-
neeringmanufacturedobjects,andfor digitizing objectsof
scienti�c, artisticor historicalimportancefor archiving and
analysis.Likeall physicalmeasurementdevices,laserrange
scannershave limitations,includingnoiseandlimits on res-
olution. We describea methodfor acquiringbettermodels
usinga commerciallaserrangescannerby takingmany al-
most,but not quite, identicalscansandcombiningthemin
software.For instance,in Figure2, wecombined100nearly
identical scanslike the one on the the left to createthe
cleanerandmoredetailedsurfacein thecenter.

Our techniqueis a variant of a two-dimensionalimage
processingtechniquecalled super-resolution, which takes
many nearlyidenticallow-resolutioninput imagesandcom-
bines them to producea higher-resolutionoutput image.
Classicalsuper-resolutionis basedon the assumptionthat
eachpixel in the low-resolutioninput imagesis produced
from an original continuousimageby deforming(possibly
justtranslating),blurringandthensampling.If theblur func-
tion is a perfectlow-pass�lter , thenall high-resolutionin-
formation is irrevocably lost. But if not, then the resulting
aliasingin the low-resolutionimagescontainsinformation,
andahigher-resolutionoutputcanberecoveredfromenough
slightly displacedinput images.

In its simplestform, this ideais obvious.Considersam-
pling a signalat somerate lessthan its Nyquist frequency
(therateat which all featurescanbecapturedwithout alias-
ing). Onesetof samplesis not suf�cient to reconstructthe
signal.But if we aregiven many samples,randomlyoffset

from eachother, andwecanregisterthemcorrectly, thenwe
can producean accuratereconstruction.SeeFigure 1. We
applythissimpleideato laserrangescanningverydirectly.

Figure 1: Left: If a scansamplesthe surfacetoo sparsely,
detail is lost. TheNyquisttheoremimpliesthat wecanonly
expectto capture details of sizeat least x if we scanwith
a samplespacingof x=2. Right: Whenwe combineseveral
scans(differentshades),wecanrecovermuch moredetail.

Combiningmany scansis alsousefulfor removing noise.
Noise in the depth imagesfrom laser rangescanscomes
from several sources,including quantizationand noise in
thevideoimagingsystem,laserspeckle(causedby random
reinforcementof the coherentlight of the laser re�ected
from a rough surface),systematicerror in peakdetection
(causedby surfacecurvatureandcolor), andthe instability
of thecomputationof point locationsby triangulation.Ran-
domnoisecanbeessentiallyeliminated,but super-resolution
doesnothingfor systematicscannererrors.

Obviously, it is muchmoretimeconsumingto takeahun-
dred scansthan it is to take one. In high-value situations,
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Figure 2: On the left, onescanof thetheparrot statue, with a samplespacingof about1mm.Center, wecombine100nearly
identicalsuch scansto producethesurfacein thecenter, producedon a grid with samplespacingof about0.3mm.Noticethe
noisereductionandtheimprovementin thedetail, for instancein theface, neck andwing feathers.On theright, a photograph
of theparrot statue.

however, for instancewhenan expert has�o wn thousands
of miles to scana fossil or a coin in a museum,it would be
worth it to spendanhour, or evena few hours,scanningin
orderto getabettermodel.

Our techniquealso gives an alternative approachfor
capturinghigh-resolutionmodelsof large objects.Instead
of capturingmany high-resolutionscans,eachcovering a
smallarea,andthenregisteringthem,we cancapturemany
(slightly shifted) low-resolution scanscovering a larger
area,and thenmerge themto producea single large high-
resolutionsurfacepatch.This techniquehastwo advantages.
First, it avoidshaving to mergemany small scans,which is
dif�cult to do accurately. Second,it meansthat thescanner
canbe kept fartheraway from the object,andmoved less,
whichmightbenecessaryor desirable.

Algorithm Overview: We scana modelmany times,from
similarbut randomlyperturbedviewpoints.Wegetaninitial
registrationof the scansto eachother, andwe usethe reg-
isteredscansto reconstructthe super-resolved depth-map.
We get thedepthvalueat every point of a higher-resolution
grid by simply averagingthez-valuesof nearbypointsfrom
the input scans.We thenre-registereachscanto the super-
resolved depth-map,anditeratethe reconstructionandreg-
istration stepsseveral times. Finally we output the super-
resolveddepth-map.

1. RelatedWork

Laser range scanners:Producingbettermodelsfrom laser
rangedatais a topicof on-goinginterestin computergraph-
ics andcomputervision.CurlessandLevoy [CL95] give an
excellentdescriptionof thescanningprocess.With ascanner
suchasourMinolta Vivid 910,averticalstripeof laserlight
is movedacrosstheobjectsurface,andcapturedby a video
camera.Along eachhorizontalscanline of thevideoframe,
thebrightestspotis taken to be thepoint at which the laser
stripe"hits" thesurface.This brightnesspeakis detectedat
sub-pixel resolution.The relative positionsof the laserand
thevideocameraareusedto �nd thethree-dimensionalco-
ordinatesof the brightestspot by triangulation.So, the x-
coordinateof eachpoint in the output depthimageis de-
terminedby the positionof the laserstripefor a particular
videoframe,they-coordinatecorrespondsto a rasterline in
the video frame,andthe depthvalueis computedfrom the
brightnesspeakdetectedalong the rasterline in the video
frame.

This imagingprocessis morecomplex thanthatof acam-
era,andit introducessystematicartifacts.CurlessandLevoy
removed many of these,and reducednoise,by analyzing
multiple framesof the video streamwhen detectingeach
peak point. Their techniqueis intendedto be part of the
processingwithin thescanner. Weconcentrateon improving
noiseandresolutionat theuserlevel, takingtheoutputdata
from thedeviceandtrying to improve it by post-processing.
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RecentlyNehabet al. [NRDR05] combinedsurfacedata
from a temporalstereotriangulationscannerwith normals
capturedby photometricstereo,to improve the resolution
andreducethe noisein capturedsurfacemodels.Similary,
Diebel andThrun [DT05] improve modelscapturedwith a
time-of-�ight scannerusingdigital photographs.Ratherthan
combiningdifferentdatatypes,weexplorecombininglotsof
scans.

Our reconstructionmethod is related to Curless and
Levoy's VRIP algorithm [CL96], with one crucial differ-
ence.They treateachinputscanasa trianglemesh,with the
intentionof gettingasmuchcoverageaspossible.Interpo-
lating thescansby trianglesis a form of low-pass�ltering,
andhigh-resolutiondetailis lost,or at leastgreatlyobscured.
Instead,wetreateachscanasasetof points,makingit much
easierto reconstructahigher-resolutionsurface.

Super-resolution: Our method is derived from two-
dimensionalsuper-resolutionalgorithms.See[PPK03] for a
recentsurvey. Mostalgorithmsusetwo basicsteps,sub-pixel
registrationandreconstruction.Neithersteptranslatescom-
pletelystraightforwardly into our context. Reconstructionis
usuallythemorecomplex step,andis alargefocusof ourre-
search.It is basedon theassumptionthat,given thecorrect
registration,eachlow-resolutioninput imageis formedfrom
some"true" high-resolutionimageby aknown process:�rst
the"true" imageis translatedslightly (or displacedin some
otherway), thenit is smoothedwith a blurring kernel(e.g.
a box �lter), thenit is sampledat the lower resolution,and
�nally randomnoiseis introduced.Elad andFeuer[EF97]
arguethat mostmethodscanbe representedby the follow-
ing matrixequation

Y = HX + E

whereY is avectorcontainingall thelow-resolutionimages,
H is a known matrix that containsthe displacement,blur-
ring andsamplingstepsof the imageformationprocessde-
scribedabove, X is the desiredhigh-resolutionimage,and
E is an unknown vector of noiseterms.This basicmodel
canbe enhancedwith priors on the error termsand/orreg-
ularization terms on the high-resolutionpixels to encour-
agesmoothness.A least-squaressolution,minimizing EtE
is formulatedin the standardway, and the problemcomes
down to solving a hugesparselinear systemto recover X,
which in practicearesolvedusinganiterativemethods.

An ideal super-resolutionalgorithmfor laserrangedata
would be basedon a matrix H which correctlymodelsthe
triangulationlaserrangescanner. This seemsdif�cult since
thepeak-detectionprocessis not a linearoperation.Instead,
we assumeanadmittedlyincorrectbut linearprocess:trans-
lationanddown-sampling,with noblur operation.Themain
advantageof this assumptionis that it leadsto a very sim-
ple and ef�cient reconstructionalgorithm. The alternative
assumption,that nearbydepthvaluesare averagedby the
peak-detectionprocess,is alsoclearly incorrect(andso far
in our research,hasnotproducedbetterresults).

Our simple reconstructionalgorithm is basedon an ar-
gumentby Elad andHel-Or [EHO01], in which they point
out thatin very easycases,thecorrectsolutionfor X canbe
foundby interpolatingthevaluesin Y ontothegrid of values
for X. We discusstheir argumentasit appliesto our casein
Section5. It is verysimilarto thesplatting-interpolationpro-
cessfor surfacereconstructionfrom laserrangescansusedin
VRIP [CL96], whichCurlesssimilarly showedit minimized
theleast-squareserrorin his thesis[Cur97].

The large-scale structure of our algorithm is in-
spiredby the super-resolutionalgorithm of Cheesemanet
al. [CKK� 96], in which after producinga super-resolution
image,eachinput imageis thenre-registeredto the super-
resolutionoutput, and the processis iterated.This gives
us the opportunityto improve the registrationusing high-
resolutionfeatureswhich are not detectablein any of the
low-resolutioninputs.

2. Data Acquisition

We take around100 scansof eachview of the object.To
createrandomdisplacementsbetweenscans,we move the
entirescanneron its tripod beforeeachscan,by nudgingits
x andy panningknobs(� 5� ). This is a laboriousprocess,
requiring30-60minutesof scanningfor eachview. It would
alsobepossibleto movetheobjectslightly beforeeachscan,
insteadof moving the scanner, possiblyby using an auto-
maticturntable.

For theMayanhieroglyphicmodelin Figure10, we also
rotatedthetabletafterevery tenscans.This reduced"tiling"
artifactscausedby interactionbetweenthe low-resolution
andhigh-resolutiongrids,asdiscussedin Section6.

We usedtheGeomagicStudio[Geo03] softwareto clean
up the scans,removing piecesof surroundingobjectsand
supports.This is a normalpartof the3D scanningpipeline.
Thescanscouldbemanipulatedaltogetherasagroup,sothis
stageis not moretime consumingthanusual.We alsoused
Geomagic's registrationtool to producean initial registra-
tion of thescans,choosinganarbitraryscanandregistering
all theothersto it. This registrationis improvedby thelater
super-resolutionprocessing.

Our goal is to captureenoughthree-dimensionalpoints
so that at leasta few scanpoints contribute to eachhigh-
resolutionoutput point. To get a ball-park �gure, assume
that we want to improve the resolutionby an integer fac-
tor m (suchasfour), andassumethat thedisplacementsare
simply translationsof the low-resolutiongrid with respect
to thehigh-resolutiongrid. Thenif we consideranarbitrary
m� m squareof high-resolutioncells, eachlow-resolution
scancontributesonepoint to the square,which landsran-
domly in oneof the cells.A scanmisseseachspeci�c cell
with probability (1 � 1=m2), so the probability that any of
them2 cellsendupwith fewer than,say, � vepointsafterwe
take k scansis � m2(1 � 1=m2)(k� 5) . Thenk, the number
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of scansneeded,growsasO(m2 lgm), and,to giveaspeci�c
example,if m= 4 andwe want thefailureprobability to be
< 0:1,weneedabout150scans.In factweusuallyusefewer.
While increasingthe numberof scansimprovesthe quality
of thesurface- seeFigure3 - it seemsindeedto do soonly
slowly.

Figure 3: Super-resolutionreconstructionusingonly 30 in-
putscansat theleft andincreasingto 140at theright. Noise
is reduceddramatically at the beginning but more slowly
at theend.Surfaceswere reconstructedfromsubsetswhich
werepre-registeredusingall 140scans.

3. Reconstruction

Our reconstructionalgorithmis verysimple.We producean
output depth-mapas a grid of function values,eachcom-
putedasa weightedaverageof the contributionsof nearby
pointsfrom theinput scans.

We �rst establisha coordinatesystemin which the z-
direction (depth) is the direction towards the scanner, by
adoptingthe coordinatesystemof an arbitrarily chosenin-
put scan.We createa grid of the desiredresolutionin the
x� y planeof thatcoordinatesystem,andlocateeachof the
scannedinput points in the grid, basedon the currentreg-
istration.Then for eachhigh-resolutioncell with centerq
we createanoutputdepthvalue.We usea two-dimensional
Gaussiankernel centeredon q to assignweights w(q; r i)
to the input points r i in cells within the surrounding5 � 5
neighborhoodN, basedon their x � y positions.Then we
take theweightedaverageof their depthvalues.

z(q) =
å r i2 N z(r i) � w(r i ;q)

å r i2 N w(r i ;q)

Thewidth h of theGaussiankernele� d(r i � q)2=h2
is setto the

sample-spacingof thegrid,sothatpointsoutsideof the5� 5
neighborhoodhavenegligible weight.Thesumis dominated
by thepointswithin the3� 3 neighborhood,andwhenm> 3
(asin all our experiments)this neighborhoodcancontainat
mostonepoint from eachscan.

We experimentedwith usingthe median(which is more
robust to outliers) ratherthan the weightedmean,and we

Figure 4: A thin strip of thesuper-resolvedsurface, andthe
nearbysamplepointsfromtheinputscans.Theinput is very
noisy, but the pointsare denselyand randomlydistributed
near the surfacewith few outliers, so the average givesan
accuraterepresentationof thesurface.

did not seeany noticeabledifferencein theoutput.As seen
in Figure4, thenoiseseemsfairly evenlydistributednearthe
surface,andoutliersarenot muchof a problem,soa least-
squaresmodelis probablybest.

TheGaussianweightsprovide somesmoothingaspartof
the interpolation,but the resultingsurfacestill shows some
noise,as in Figure5. We follow the reconstructionby ap-
plying a bilateral�lter [TM98], removing somenoisewhile
retainingsharpfeatures.

Figure 5: A close-upof the reconstructionof the parrot-
headmodelbefore bilateral �ltering (left) andafter (right).
We re-scannedthe headof the parrot, with a samplespac-
ing of about.4mmin theinput scans,andreconstructedthe
super-resolutionsurfacefrom146scans.Theentire surface
appears in Figure 11.

4. Registration

We iteratereconstructionof thesurfacewith re-registration
of each scan to the high-resolutionsurface. We use the
following variant of the IteratedClosestPoint (ICP) algo-
rithm [BM92, RL01] to registera scanto the surface.First
we subsamplethe trianglesof the high-resolutionsurface,
distributingsamplesin theinteriorof eachtriangle.Thenfor
eachpoint in thescan,we �nd its closestpoint in thedense
setof sampleson thesurface.Pointsnearboundaries,either
on the scanor on the surface,are ignored.We useHorn's
algorithm [Hor87] to minimize the mean-squareddistance
betweenthe point pairs,and iterateuntil convergence.We
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seeanexampleof theimprovementproducedby registering
eachscanto thehigh-resolutionsurfacein Figure6.

Figure 6: Left, a close up of the initial super-resolution
mesh,for which thescansare only registeredto each other.
Right, after oneiteration in which the scansare registered
to the high-resolutionsurface. Noticethat the "tiling" arti-
fact typical of mis-registration is reduced.We seethe most
dramaticimprovementin this �r st step.

5. Least-SquaresApproximation

As noted in Section1, averagingminimizes the error in
a least-squaredsense,which correspondsto a maximum-
likelihood estimateof the surface,assumingthe errors in
the z-directionareGaussiannoise.Herewe review the ar-
gumentof EladandHel-Or [EHO01] which makesthis as-
sertionpreciseundersomeassumptionsthatarenot strictly
met in practice,but which area goodroughapproximation.
Our set-upis somewhat differentfrom theirsin that we as-
sumethereis no blur operation.This allows us to dropone
of theirassumptionsthatthedeformationsusedto form their
input imagesareall translationsin the x � y plane,but we
canallow rotationsaswell.

The raw input scansare representedas column vec-
tors f Y1; :::;YLg with dimensionsn� 1, wheren = width�
height. The high-resolutiondepth-mapis representedas a
columnvectorX of dimensionN � 1, whereN = dwidth �
me� dheight � me.

Basedon our assumptionthatthereis no blurring andas-
sumingthat the rangescansare obtainedby randomrigid
motions,the creationof the low resolutionscansYk; k =
1; :::;L from anunknown high-resolutiondepth-mapX could
beexplainedby thefollowing linearmodel:

f Yk = DkFkX + Ekgk= 1;:::;L (1)

The matricesDk, Fk, Ek representa known decimation,a
known displacement,andanunknown Gaussianerrorvector,
respectively. What we want to �nd is a high resolutionX
suchthat E = å L

k= 1 Et
kEk is minimized.ExpressingE asa

functionof X andsettingthederivativeof d(E)=dX = 0, we
geta linearsystem

RX = P (2)

where R = å L
k= 1 Ft

kDt
kDkFk and P = å L

k= 1 F t
kDt

kYk. Gen-
erally, in super-resolutionalgorithms,the linear systemis
solvedvia aniterativemethodsuchassteepestdescent.

Following EladandHel-Or, we make thefollowing addi-
tionalsimplifying assumptions.AssumethatbothDk andFk

Model Dimension (meters) 
(width x height) 

Resolution 
(mm) 

# points 
(per scan) 

# of Scans 

N.Y. Subway Token 0.02  0.02 0.15 24k 117 
Parrot Head 0.026  0.023 0.4 3k 146 
Parrot Whole (single view) 0.06  0.2 1.5 10k 100 
Mayan Hieroglyphic 0.24  0.18 1.0 47k 90 

Table1: Statisticsonall thescannedinputdatasets.

are0� 1 matrices,whereDk representsdecimationexactly
by anintegerfactorm, andeachFk is apermutationapprox-
imating the displacementwhich it represents.ThenR turns
out to have a simpleform: it is an integer diagonalmatrix,
wherethe(i; i)th entryis thenumberof samplesplacedinto
theith cell of thehigh-resolutiongrid. ThecolumnvectorP
is simpleaswell: the ith entrycontainsthesumof all thez
valuesof samplesthat fall into the ith high-resolutioncell.
So undertheseassumptions,averagingthe z valuesof the
pointsthat fall into the ith cell is thecorrectsolutionof the
linear system,andgivesthe least-squaresestimateof the z
valueof thesurfaceat thatpoint.

6. Experiments

We have tried this methodon modelsof varioussizes,with
the statisticssummarizedin Table 1. For each,the reso-
lution of the output meshwas either 3.7 or 4 times that
of the input scans.We do � ve iterationsof reconstruction
and registrationfor eachsuper-resolved scan(threewould
probablyhave beensuf�cient), andeachiterationtakesbe-
tweenoneandthreeminutes,dependingof the sizeof the
input modelandthedesiredoutputresolution.Actual scan-
ningtimetakesanywherebetween30-60minutesfor 90-150
scans,andcleanupand initial registrationusingGeomagic
takesanother30minutesor so.

We took six views of the parrot model, producingsix
super-resolvedscans.As we canseein Figure2, our super-
resolved scanshave artifactsthat arederived from system-
aticscannererrorswhichoccurin all inputscans.In particu-
lar, becauseof "edgecurl" (for instanceat thewing tips) the
boundariesof eachsuper-resolved scanhadto be trimmed.
We usedthe standardclean-upand merging tools in Geo-
magic to merge the six super-resolved scansinto a single
model, which can be seenin Figure 9. In this example it
is clearthat both noiseremoval andtrue super-resolution-
the detectionof detail invisible in eachindividual scan- is
achieved.

Eachsuper-resolved scanin the parrotmodelwascom-
posedof 100 input scans,eachtaken with a randomx � y
pan.Registeringandmerging the low-resolutionpoint sets
producesthe periodicsamplingpatternson the left in Fig-
ure 7; the period matchesthat of the low-resolutioninput
grid,andis largerthanthesamplespacingin theoutputhigh-
resolutiongrid. This shows up in the�nal surfaceasnotice-
ablealiasingon theoutputsurface,whichcanbeseenin the
close-upin Figure6. As registrationimproves,this aliasing
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Figure 7: Left: thesamplingpatternwhenweonly do ran-
domx-yshifts.Right: thesamplingpatternwhenwealsoro-
tatethemodel(incrementsof 10� degreesfor every10scans,
90scanstotal). Noticethat this reducesthetiling artifact.

diminishesbut it doesnot disappear. It is possiblethat the
scansform clumps,andthat registrationis excellentwithin
aclumpbut loserbetweenclumps.

To avoid thisundesirableartifact,wecanrotatethemodel
while taking the scans.We did this with the Mayanhiero-
glyphic shown in Figure10, producingthe muchmorede-
sirablesamplingpatternontheright in Figure7. Thisdid in-
deedeliminatethegrid aliasingartifact,atthecostof slightly
worseregistrationasmeasuredby RMS error. While there-
sultsoverall in this experimentweregood,anotherartifact
is visible nearthedeepgroovesin thesurface:ridgesinside
thegrooves,sometimes(like in thewrinklesnearthebird's
smile)obscuringthegrooveitself.Webelievethisoccursbe-
causeof thepeakdetectionerrorsonthelow-resolutionCDC
imagein the scanner. This highlightsa problemwith using
super-resolutionalone,without betterprocessingwithin the
scanner, e.g.CurlessandLevoy [CL95]; if therearesystem-
aticscanningartifacts,super-resolutionsucceedsonly in im-
proving theresolutionof theartifacts.

Wetestedthemethodonsomeverysmallobjects,to show
that we can improve the effective resolutionof the scan-
ner. The smallestobject we scannedwas a castof a New
York subway token,shown in Figure8. The subway token
wasscannedat thehighestresolutionpossible,with a sam-
ple spacingof 0.15mm.This is in fact a higher resolution
thanthe speci�ed accuracy of the scanner(� 0.22mmin x-
directionand� 0.16mmin y-direction).Thesuper-resolved
modelclearlyachievesvery goodoutputquality at this high
resolution,effectively capturingthe object completely. To
comparethe contribution of noise reduction and resolu-
tion improvementto this result,we tried processinga sin-
gle scanto reducenoise,by subdividing andthensmooth-
ing. This was surprisinglyeffective (Figure 8, lower left),
but clearly not as good as super-resolution.We also tried
taking 100 scanswithout nudgingthe scannerbeforeeach
scan,to seethe effect of the small randomshifts. The re-
sultswereagain quite good(Figure8, lower right), but ar-
tifactsof the low-resolutiongrid areclearlyvisible, andthe
full super-resolutionmethodis againsigni�cantly better. For
very small objectslike coins, it is clear that taking many
scansreducenoisegreatly, andthatsmalldisplacementsbe-
tweenthe scansand the full super-resolutionprocessgive
thebestresults.

At a lower input resolution, we get excellent super-
resolution results.A high-resolutionscan of the parrot's
head,with aninput samplespacingof about0.4mm,canbe
seenin Figure11. In this casedetailscompletelyinvisible
in the input scansreally arerevealedin the super-resolved
output,especiallythedifferencesin texture.

Thehighquality renderingsin Figures2, 9, 10weredone
usingAutodeskMaya,while thebluemodelsarescreenshots
from GeomagicStudio.All modelsaretriangulated.

7. Discussion

We seeseveral avenuesfor further researchbasedon this
method.Our reconstructionalgorithmusesthesimplestap-
proach to super-resolution.Most image processingalgo-
rithmsinvolvemorecomplicatedformulations.Wetriedone
suchapproach,basedon the super-resolutionalgorithmof
Irani and Peleg [IP91] on our Parrot Head example,and
did not seea noticeableimprovement.Possiblyothersuper-
resolutionalgorithms,for instance[FREM03] or [KJH01],
couldimprove theresultsusingbetterregularizationand�l-
tering terms,and might give good resultsusing lessinput
data,asthey seemto do in imageprocessing.

Our parrotmodel is constructedfrom six super-resolved
scans.Instead,it mightbepossibleto useaturntableanduse
severalhundredinputscansfrom differentdirectionsto pro-
duceasuper-resolvedcylindrical scan.Thiswould requirea
true3D reconstructionmethod,ratherthanthesimple2.5D
processingschemewe usedhere.Also, super-resolutionre-
quires large quantitiesof data,and the limiting factor in
ourprototypeis memory. Organizingthecomputationto use
memoryef�ciently would make it feasiblefor large scan-
ningprojects.A systemsimilarto CurlessandLevoy'sVRIP
method[CL96] mightbeappropriate.

Finally, weareeagerto try super-resolutionwith time-of-
�ight scanners.Time-of-�ight scannerssuffer from noisein
thez-direction,andthey �t themodelof purepoint-sampling
verywell.

8. Acknowledgments

We gratefully acknowledgethe cheerfulassistanceof U.C.
Davis undergraduateResearchAssistantKelcey Chan,who
helpeduswith thedataacquisitionandmodelconstruction.
We thankthereviewersfor severalhelpful suggestions.

Work on this project was supportedby NSF through
grantCCF-0331736andalsothroughCAREERawardCCF-
0093378.Dr. Mederoswasalsosupportedby the Brazilian
NationalCouncil of TechnologicalandScienti�c Develop-
ment(CNPq).

c
 TheEurographicsAssociation2006.



Y. J. Kil, B. Mederos& N. Amenta/ LaserScannerSuper-resolution

Figure 8: (a) Onescan.(b) Final super-resolvedsurfacefrom100scans.(c) Photoof theobject(a plastercastof a subway
token).Thebottomrow showssomeresultsof otherkindsof processing, to evaluatetheimportanceof thevariousstepsof the
algorithm.(d) Onescan,bilinearly interpolatedonto the �ner grid andsmoothed.Detail is missing. (e) Theentire algorithm
exceptfor the �nal bilateral �ltering step.Thenoiseremovedby the �ltering seemsto be residualregistration error, which
perhapscouldbe improved.(f) Justaveraging 100scanstakenwithoutmoving thescanner, usingthesameGaussiankernel.
Noiseis decreased,but there is aliasingfromthelower-resolutiongrid obscuringdetail visiblein (b).
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Figure 9: Sixsuper-resolvedscans,mergedto form a completemodel.Theoriginal scandata(Figure 2, left) wasquitenoisy.
Thesuper-resolvedscansincludescannerartifacts,particularly curling at the edges,which had to be trimmedinteractively
beforemerging.

Figure10: On theleft, a singlescanof a castof a Mayanhieroglyphic,with a samplespacingof about1mm.Center, 90scans
arecombinedto makea super-resolutionsurface. Noticetheimprovementon theeyes,thecross-hatching, andtheareain front
of thebird's face. Right,a photographof thecast.

Figure 11: On theleft, a singleclose-upscanof theheadof theparrot statue, with samplespacingabout0.4mm.Center, 146
scansarecombinedto makea super-resolutionsurface. Noticethefeathertextureon theface, which wasinvisiblein thesingle
scan.Right,a photographof thestatue.
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