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Abstract

We give a methodfor improving the resolutionof surfacescaptued with a laser range scannerby combining
manyvery similar scans.This idea is an application of the 2D image processingtechnique knownas super
resolution.The input lowerresolutionscansare eac randomlyshifted, so that ead one contributes slightly
differentinformationto the nal model.Noiseis reducedy aveiaging theinputscans.

CategoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.3 [ComputerGraphics]:SurfaceAcquisition

Laserrangescannersreusedto capturethe geometryof
three-dimensionabbjects.They are usedfor reverseengi-
neeringmanufcturedobjects,andfor digitizing objectsof
scienti c, artisticor historicalimportancefor archving and
analysisLike all physicalmeasuremerdevices,laserrange
scannerfiave limitations, including noiseandlimits onres-
olution. We describea methodfor acquiringbettermodels
usinga commerciallaserrangescannemby takingmary al-
most,but not quite, identical scansand combiningthemin
software.For instancejn Figure2, we combinedl00nearly
identical scanslike the one on the the left to createthe
cleanerandmoredetailedsurfacein thecenter

Our techniqueis a variant of a two-dimensionalimage
processingtechniquecalled superresolution which takes
mary nearlyidenticallow-resolutioninputimagesandcom-
bines them to producea higherresolution output image.
Classicalsupefresolutionis basedon the assumptiorthat
eachpixel in the low-resolutioninput imagesis produced
from an original continuousmageby deforming(possibly
justtranslating) blurringandthensampling If theblur func-
tion is a perfectlow-pass Iter , thenall high-resolutionin-
formationis irrevocably lost. But if not, thenthe resulting
aliasingin the low-resolutionimagescontainsinformation,
andahigherresolutionoutputcanberecoveredfrom enough
slightly displacednputimages.

In its simplestform, this ideais obvious. Considersam-
pling a signalat somerate lessthanits Nyquist frequeny
(therateat which all featurescanbe capturedwithout alias-
ing). Onesetof sampleds not sufcient to reconstructhe
signal.But if we are given mary samplesrandomlyoffset
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from eachother andwe canregisterthemcorrectly thenwe
can producean accuratereconstructionSeeFigure 1. We
applythis simpleideato laserrangescanningvery directly.

Figure 1: Left: If a scansampleghe surfacetoo sparsely
detail is lost. The Nyquisttheoemimpliesthat we can only
expectto captue details of sizeat leastx if we scanwith
a samplespacingof x=2. Right: Whenwe combinesereral
scang(differentshades)we canrecover mud more detail.

Combiningmary scands alsousefulfor remaving noise.
Noise in the depthimagesfrom laserrange scanscomes
from several sources,including quantizationand noise in
thevideoimagingsystem Jaserspeckle(causeddy random
reinforcementof the coherentlight of the laser re ected
from a rough surface), systematicerror in peak detection
(causedby surfacecurvatureandcolor), andthe instability
of the computatiorof pointlocationsby triangulation.Ran-
domnoisecanbeessentiallyeliminated but supefresolution
doesnothingfor systematicscanneerrors.

Obhviously; it is muchmoretime consumingo take ahun-
dred scansthanit is to take one.In high-value situations,
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Figure 2: Ontheleft, onescanof the the parrot statue with a samplespacingof aboutlmm.Centey we combinel00 nearly
identical suc scansto producethe surfacein the centey producedon a grid with samplespacingof about0.3mm.Noticethe
noisereductionandtheimprovemenin the detail, for instancein thefacg ned andwing feathes. On theright, a photayraph

of the parrot statue

however, for instancewhenan experthas o wn thousands
of milesto scanafossil or a coinin a museumjt would be
worth it to spendan hour, or evenafew hours,scanningn
orderto getabettermodel.

Our techniquealso gives an alternatve approachfor
capturinghigh-resolutionmodelsof large objects.Instead
of capturingmary high-resolutionscans,eachcovering a
smallarea,andthenregisteringthem,we cancapturemary
(slightly shifted) low-resolution scanscovering a larger
area,andthenmeige themto producea single large high-
resolutionsurfacepatch.Thistechniquehastwo advantages.
First, it avoids having to meige mary smallscanswhich is
dif cult to do accuratelySecondjt meanghatthe scanner
canbe kept fartheraway from the object,and moved less,
which mightbe necessargr desirable.

Algorithm Overview: We scana modelmary times,from
similar but randomlyperturbedviewpoints.We getaninitial
registrationof the scansto eachother andwe usethe reg-
isteredscansto reconstructthe superresolhed depth-map.
We getthe depthvalueat every point of a higherresolution
grid by simply averagingthe z-valuesof nearbypointsfrom
the input scansWe thenre-registereachscanto the super
resolhed depth-mapanditeratethe reconstructiorandreg-
istration stepsseveral times. Finally we output the super
resoheddepth-map.

1. RelatedWork

Laser range scanners:Producingbettermodelsfrom laser
rangedatais atopic of on-goinginterestin computergraph-
ics andcomputervision. CurlessandLevoy [CL95] give an
excellentdescriptiorof thescanningrocessWith ascanner
suchasour Minolta Vivid 910,a verticalstripeof laserlight
is moved acrossthe objectsurface,andcapturedby a video
cameraAlong eachhorizontalscanline of thevideoframe,
the brightestspotis takento be the point at which the laser
stripe"hits" the surface.This brightnesgeakis detectedcat
sub-pixel resolution.The relative positionsof the laserand
thevideocameraareusedto nd thethree-dimensionato-
ordinatesof the brightestspotby triangulation.So, the x-
coordinateof eachpoint in the outputdepthimageis de-
terminedby the position of the laserstripefor a particular
videoframe,they-coordinatecorrespond$o arasterline in
the video frame,andthe depthvalueis computedfrom the
brightnesspeak detectedalong the rasterline in the video
frame.

Thisimagingprocesss morecomple thanthatof acam-
era,andit introducessystemati@rtifacts.CurlessandLevoy
removed mary of these,and reducednoise, by analyzing
multiple framesof the video streamwhen detectingeach
peak point. Their techniqueis intendedto be part of the
processingvithin the scanneiWe concentrat®nimproving
noiseandresolutionat the userlevel, takingthe outputdata
from thedevice andtrying to improve it by post-processing.
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RecentlyNehabet al. [NRDROY combinedsurfacedata
from a temporalstereotriangulationscannemith normals
capturedby photometricstereo,to improve the resolution
andreducethe noisein capturedsurfacemodels.Similary,
Diebeland Thrun [DTO5] improve modelscapturedwith a
time-of- ight scanneusingdigital photographsRatherthan
combiningdifferentdatatypes we explorecombininglots of
scans.

Our reconstructionmethod is related to Curless and
Levoy's VRIP algorithm [CL96], with one crucial differ-
ence.They treateachinput scanasatrianglemeshwith the
intention of gettingas much coverageas possible.Interpo-
lating the scangby trianglesis a form of low-pass Itering,

andhigh-resolutiordetailis lost, or atleastgreatlyobscured.

Insteadwe treateachscanasa setof points,makingit much
easierto reconstruct higherresolutionsurface.

Superresolution:  Our method is derived from two-
dimensionabkuperfresolutionalgorithms.See[ PPK0J for a
recentsuney. Mostalgorithmsusetwo basicstepssub-piel
registrationandreconstructionNeithersteptranslatexom-
pletely straightforvardly into our context. Reconstructioris
usuallythemorecomple step,andis alargefocusof ourre-
searchlt is basedon the assumptiorthat, giventhe correct
registration,eachlow-resolutioninputimageis formedfrom
some"true" high-resolutioimageby a known process:rst
the"true" imageis translatedslightly (or displacedn some
otherway), thenit is smoothedwith a blurring kernel(e.g.
abox lter), thenit is sampledat the lower resolution,and
nally randomnoiseis introduced.Elad and Feuer[EF97
amguethat mostmethodscanbe representedby the follow-
ing matrix equation

Y=HX+E

whereY is avectorcontainingall thelow-resolutionimages,
H is a known matrix that containsthe displacementplur-

ring andsamplingstepsof theimageformationprocessle-
scribedabove, X is the desiredhigh-resolutionimage,and
E is an unknawvn vector of noiseterms.This basicmodel
canbe enhancedvith priors on the errortermsand/orreg-

ularizationterms on the high-resolutionpixels to encour

agesmoothnessA least-squaresolution, minimizing E'E

is formulatedin the standardway, andthe problemcomes
down to solving a hugesparsedinear systemto recover X,

whichin practicearesolvedusinganiterative methods.

An ideal supetresolutionalgorithmfor laserrangedata
would be basedon a matrix H which correctly modelsthe
triangulationlaserrangescannerThis seemdif cult since
the peak-detectioprocesss notalinearoperationinstead,
we assumeanadmittedlyincorrectbut linearprocesstrans-
lationanddown-samplingwith no blur operationThemain
adwantageof this assumptioris thatit leadsto a very sim-
ple and efcient reconstructionalgorithm. The alternatve
assumptionthat nearbydepthvaluesare averagedby the
peak-detectiomprocessijs alsoclearly incorrect(andso far
in our researchhasnot producedetterresults).
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Our simple reconstructioralgorithmis basedon an ar
gumentby Elad andHel-Or [EHOO01], in which they point
outthatin very easycasesthe correctsolutionfor X canbe
foundby interpolatingthevaluesin Y ontothegrid of values
for X. We discusgheir argumentasit appliesto our casein
Sectionb. It is very similarto thesplatting-interpolatioipro-
cesdor surfacereconstructiorfirom laserrangescansisedn
VRIP [CL96], which Curlesssimilarly shavedit minimized
theleast-squaresrrorin histhesis[Cur97.

The large-scale structure of our algorithm is in-
spired by the superfresolutionalgorithm of Cheesemaret
al. [CKK 96], in which after producinga supetresolution
image,eachinput imageis thenre-registeredto the super
resolution output, and the processis iterated. This gives
us the opportunityto improve the registration using high-
resolutionfeatureswhich are not detectablen ary of the
low-resolutioninputs.

2. Data Acquisition

We take around100 scansof eachview of the object. To

createrandomdisplacementbetweenscans,we move the

entirescanneon its tripod beforeeachscan by nudgingits

x andy panningknobs( 5 ). Thisis a laboriousprocess,
requiring30-60minutesof scanningor eachview. It would

alsobepossibleo move theobjectslightly beforeeachscan,
insteadof moving the scannerpossibly by using an auto-
maticturntable.

For the Mayanhieroglyphicmodelin Figure 10, we also
rotatedthetabletafterevery tenscansThis reduced'tiling"
artifacts causedby interactionbetweenthe low-resolution
andhigh-resolutiorgrids,asdiscussedn Section6.

We usedthe GeomagicStudio[ Geo03 softwareto clean
up the scans remaving piecesof surroundingobjectsand
supportsThisis a normalpartof the 3D scanningpipeline.
Thescansouldbemanipulatediltogetheasagroup,sothis
stageis not moretime consumingthanusual.We alsoused
Geomagics registrationtool to produceaninitial registra-
tion of the scanschoosingan arbitraryscanandregistering
all theothersto it. This registrationis improved by the later
supefresolutionprocessing.

Our goal is to captureenoughthree-dimensionapoints
so that at leasta few scanpoints contritute to eachhigh-
resolutionoutput point. To get a ball-park gure, assume
that we want to improve the resolutionby an integer fac-
tor m (suchasfour), andassumehatthe displacementsre
simply translationsof the low-resolutiongrid with respect
to the high-resolutiongrid. Thenif we consideranarbitrary
m m squareof high-resolutioncells, eachlow-resolution
scancontritutesone point to the square which landsran-
domly in oneof the cells. A scanmisseseachspeci c cell
with probability (1 1=rr12), so the probability that ary of
thenm? cellsendupwith fewerthan,say ve pointsafterwe
take k scansis m?(1  1=n?)& 9 Thenk, the number
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of scanseededgrows asO(m2 Igm), and,to give aspeci c
example,if m= 4 andwe wantthe failure probability to be
< 0:1,weneedaboutl50scansin factwe usuallyusefewer.
While increasingthe numberof scansmprovesthe quality
of the surface- seeFigure3 - it seemsndeedto do soonly
slowly.

Figure 3: Supefresolutionreconstructiorusingonly 30 in-
putscansat theleft andincreasingto 140at theright. Noise
is reduceddramatically at the beginning but more slowly
at the end. Surfacesvere reconstructedrom subsetavhich
were pre-registeied usingall 140scans.

3. Reconstruction

Our reconstructioralgorithmis very simple.We producean
outputdepth-mapas a grid of function values,eachcom-
putedas a weightedaverageof the contritutions of nearby
pointsfrom theinputscans.

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 thatcoordinatesystemandlocateeachof the
scannednput pointsin the grid, basedon the currentreg-
istration. Then for eachhigh-resolutioncell with centerq
we createan outputdepthvalue.We usea two-dimensional
Gaussiankernel centeredon q to assignweightsw(q;r;)
to the input pointsr; in cells within the surroundings 5
neighborhood\, basedon their x y positions.Thenwe
take the weightedaverageof their depthvalues.

ArzanZri) w(ri;q)
&2 NnW(ri;q)

2q) =

Thewidth h of theGaussiarkernele 91 9° s settothe
sample-spacingf thegrid, sothatpointsoutsideof the5 5
neighborhoodhave nggligible weight. The sumis dominated
by thepointswithinthe3 3 neighborhoodandwhenm> 3
(asin all our experiments}his neighborhoodancontainat
mostonepointfrom eachscan.

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

Figure 4: A thin strip of the superresolvedsurface andthe
nearbysamplepointsfromtheinputscansTheinputis very
noisy but the points are denselyand randomlydistributed
near the surfacewith few outliers, so the average givesan
accuterepresentatiorof the surface

did not seeary noticeabledifferencein the output.As seen
in Figure4, thenoiseseemsairly evenlydistributednearthe
surface,andoutliersarenot muchof a problem,so a least-
squaresnodelis probablybest.

The Gaussiarweightsprovide somesmoothingaspartof
theinterpolation,but the resultingsurfacestill shavs some
noise,asin Figure5. We follow the reconstructiorby ap-
plying a bilateral Iter [TM98], removing somenoisewhile
retainingsharpfeatures.

Figure 5: A close-upof the reconstructionof the parrot-
headmodelbefore bilateral ltering (left) and after (right).
We re-scannedhe headof the parrot, with a samplespac-
ing of about.4mmin theinput scansandreconstructedhe
superresolutionsurfacefrom 146 scans.Theentire surface
appeasin Figure 11.

4. Registration

We iteratereconstructiorof the surfacewith re-registration
of eachscanto the high-resolutionsurface. We use the
following variant of the IteratedClosestPoint (ICP) algo-
rithm [BM92, RLO1] to registera scanto the surface.First
we subsampléehe trianglesof the high-resolutionsurface,
distributing samplesn theinterior of eachtriangle.Thenfor

eachpointin thescanwe nd its closestpointin thedense
setof sampleon the surface.Pointsnearboundarieseither
on the scanor on the surface,are ignored.We useHorn's

algorithm [Hor87] to minimize the mean-squaredistance
betweenthe point pairs, and iterate until corvergence.We
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seeanexampleof theimprovementproducedy registering
eachscanto the high-resolutiorsurfacein Figure6.

Figure 6: Left, a close up of the initial superresolution
mesh for which the scansare only registeledto eac 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 ststep.

5. Least-SquaresApproximation

As notedin Section1, averaging minimizes the error in
a least-squaredense which correspondgo a maximum-
likelihood estimateof the surface, assumingthe errorsin
the z-direction are Gaussiamoise.Here we review the ar
gumentof Elad andHel-Or [EHOO0] which makesthis as-
sertionpreciseundersomeassumptionshatare not strictly

metin practice,but which area goodroughapproximation.

Our set-upis somevhat differentfrom theirsin thatwe as-
sumethereis no blur operation.This allows usto drop one
of theirassumptionghatthe deformationsisedto form their
inputimagesareall translationsn thex y plane,but we
canallow rotationsaswell.

The raw input scansare representedas column vec-
torsfYy; ;YL g with dimensionsn 1, wheren = width
height. The high-resolutiondepth-mapis representeds a
columnvector X of dimensionN 1, whereN = dwidth
me dheigh me.

Basedon our assumptiorthatthereis no blurring andas-
sumingthat the rangescansare obtainedby randomrigid
motions,the creationof the low resolutionscansYy; k =
1;:::; L from anunknown high-resolutiordepth-mapX could
be explainedby thefollowing linearmodel:

¥ = DRX+ Bkl 1L @)

The matricesDy, F, Ex represent knovn decimation,a
known displacementndanunknavn Gaussiarerrorvector
respectiely. What we wantto nd is a high resolutionX
suchthat E = &k ; ELEy is minimized. ExpressingE asa
functionof X andsettingthederivative of d(E)=dX = 0, we
getalinearsystem

RX= P )

where R = 8k, R{DLDxF and P = &k ; RIDLYi. Gen-
erally, in supefresolutionalgorithms,the linear systemis
solvedvia aniterative methodsuchassteepestlescent.

Following Elad andHel-Or, we male the following addi-
tional simplifying assumptionsAssumethatbothDy andF
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MOdel D\Er‘;ig‘sr\‘uxnh(:;::;s) Re(sr:\;\)lon (;E;:osvg;) # 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 15 10k 100
Mayan Hieroglyphic 0.24 0.18 1.0 47k 90

Table 1: Statisticson all thescannednputdatasets.

are0 1 matriceswhereDy representslecimationexactly
by anintegerfactorm, andeachFy is a permutatiorapprox-
imating the displacementvhich it representsThenR turns
out to have a simpleform: it is aninteger diagonalmatrix,
wherethe (i;i)th entryis the numberof samplegplacedinto
theith cell of the high-resolutiorgrid. The columnvectorP
is simpleaswell: theith entry containsthe sumof all the z
valuesof sampleghatfall into the ith high-resolutioncell.
So undertheseassumptionsaveragingthe z valuesof the
pointsthatfall into theith cell is the correctsolutionof the
linear system,and givesthe least-squaresstimateof 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 eachsupefresohed scan(threewould
probablyhave beensufcient), andeachiterationtakesbe-
tweenone andthreeminutes,dependingof the size of the
input modelandthe desiredoutputresolution.Actual scan-
ningtime takesanywherebetweer80-60minutesfor 90-150
scansand cleanupandinitial registrationusing Geomagic
takesanother30 minutesor so.

We took six views of the parrot model, producing six
supefresohed scansAs we canseein Figure2, our supefr
resolhed scanshave artifactsthat are derived from system-
atic scanneerrorswhich occurin all inputscansin particu-
lar, becausef "edgecurl” (for instanceatthewing tips) the
boundarief eachsupefresolhed scanhadto be trimmed.
We usedthe standardclean-upand meiging tools in Geo-
magic to memge the six supefresolhed scansinto a single
model, which can be seenin Figure 9. In this exampleit
is clearthat both noiseremoval andtrue supefresolution-
the detectionof detailinvisible in eachindividual scan- is
achieved.

Eachsupefresoled scanin the parrotmodelwas com-
posedof 100 input scans,eachtaken with a randomx y
pan.Registeringand meiging the low-resolutionpoint sets
produceshe periodic samplingpatternson the left in Fig-
ure 7; the period matchesthat of the low-resolutioninput
grid, andis largerthanthesamplespacingn theoutputhigh-
resolutiongrid. This shavs upin the nal surfaceasnotice-
ablealiasingon the outputsurface ,which canbe seenin the
close-upin Figure6. As registrationimproves, this aliasing
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Figure 7: Left: the samplingpatternwhenwe only do ran-
domx-y shifts.Right: the samplingpatternwhenwealsoro-
tatethemodel(incrementof 10 degreesfor everyl0scans,
90 scangtotal). Noticethat this reduceghetiling artifact.

diminishesbut it doesnot disappearlt is possiblethat the
scansform clumps,andthatregistrationis excellentwithin
aclumpbut loserbetweerclumps.

To avoid this undesirablartifact,we canrotatethe model
while taking the scansWe did this with the Mayan hiero-
glyphic shawvn in Figure 10, producingthe much more de-
sirablesamplingpatternontherightin Figure7. Thisdid in-
deeckeliminatethegrid aliasingartifact,atthecostof slightly
worseregistrationasmeasuredy RMS error. While there-
sultsoverall in this experimentwere good, anotherartifact
is visible nearthe deepgroovesin the surface:ridgesinside
the grooves,sometimeglike in the wrinkles nearthe bird's
smile)obscuringhegrooveitself. We believe thisoccursbe-
causeof thepeakdetectiorerrorsonthelow-resolutionCDC
imagein the scannerThis highlightsa problemwith using
superresolutionalone,without betterprocessingvithin the
scannere.g.CurlessandLevoy [CL95]; if therearesystem-
atic scanningartifacts,supefresolutionsucceedsnly in im-
proving theresolutionof theartifacts.

Wetestedhemethodon somevery smallobjectsto shav
that we can improve the effective resolutionof the scan-
ner. The smallestobjectwe scannedvas a castof a New
York subway token, shavn in Figure 8. The subway token
wasscannedt the highestresolutionpossible with a sam-
ple spacingof 0.15mm.This is in fact a higherresolution
thanthe speci ed accurag of the scanne 0.22mmin x-
directionand 0.16mmin y-direction).The supefresohed
modelclearly achiezesvery 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 subdviding andthensmooth-
ing. This was surprisingly effective (Figure 8, lower left),
but clearly not as good as supefresolution.We also tried
taking 100 scanswithout nudgingthe scannembeforeeach
scan,to seethe effect of the small randomshifts. The re-
sultswere again quite good (Figure 8, lower right), but ar-
tifactsof the low-resolutiongrid areclearly visible, andthe
full superresolutionmethodis againsigni cantly better For
very small objectslike coins, it is clear that taking mary
scangeducenoisegreatly andthatsmalldisplacementbe-
tweenthe scansand the full supefresolutionprocessgive
thebestresults.

At a lower input resolution, we get excellent super
resolutionresults. A high-resolutionscan of the parrots
head,with aninput samplespacingof about0.4mm,canbe
seenin Figure 11. In this casedetailscompletelyinvisible
in the input scansreally arerevealedin the supefresohed
output,especiallythe differencesn texture.

Thehigh quality renderingsn Figures2, 9, 10 weredone
usingAutodeskMaya,while thebluemodelsarescreenshots
from GeomagicStudio.All modelsaretriangulated.

7. Discussion

We seeseveral avenuesfor further researchbasedon this
method.Our reconstructioralgorithmusesthe simplestap-
proachto supefresolution. Most image processingalgo-
rithmsinvolve morecomplicatedormulations We tried one
suchapproachpasedon the supetresolutionalgorithm of
Irani and Peley [IP9]] on our Parrot Head example, and
did not seea noticeableémprovement.Possiblyothersuper
resolutionalgorithms,for instancel FREMO03 or [KJHO01],
couldimprove theresultsusingbetterregularizationand |-
tering terms,and might give good resultsusing lessinput
data,asthey seemto doin imageprocessing.

Our parrotmodelis constructedrom six supefresoled
scansinsteadjt mightbepossibleto useaturntableanduse
several hundrednput scandrom differentdirectionsto pro-
ducea supesresohedcylindrical scan.This would requirea
true 3D reconstructiormethod,ratherthanthe simple2.5D
processingchemewe usedhere.Also, superresolutionre-
quires large quantitiesof data, and the limiting factorin
our prototypeis memory Organizingthe computatiorto use
memoryef ciently would make it feasiblefor large scan-
ningprojects A systensimilarto CurlessandLevoy'sVRIP
method[CL96] mightbeappropriate.

Finally, we areeagetto try superresolutionwith time-of-
ight scannersTime-of- ight scannersuffer from noisein
thez-direction,andthey t themodelof purepoint-sampling
verywell.
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Figure 8: (a) Onescan.(b) Final superresolvedsurfacefrom 100 scans.(c) Photoof the object(a plastercastof a subway
token). Thebottomrow showssomeresultsof other kindsof processingto evaluatethe importanceof the variousstepsof the
algorithm. (d) Onescan,bilinearly interpolatedontothe ner grid and smoothedDetail is missing (e) Theentire algorithm
exceptfor the nal bilateral ltering step.Thenoiseremaedby the Itering seemdo be residualregistration error, which
perhapscould be improved. (f) Justaveraging 100 scanstaken without moving the scannerusingthe sameGaussiarkernel.
Noiseis deceasedput there is aliasingfromthe lower-resolutiongrid obscuringdetail visiblein (b).
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Figure 9: Sixsuperresolvedscansmegedto form a completenodel. Theoriginal scandata (Figure 2, left) wasquite noisy
The superresolvedscansinclude scannerartifacts, particularly curling at the edges, which had to be trimmedinteractively
befoe meging.

Figure 10: Ontheleft, a singlescanof a castof a Mayanhieroglyphic,with a samplespacingof aboutlmm.Center 90 scans
are combinedo male a superresolutionsurface Noticetheimprovemenbn the eyes the cross-hatbing, andtheareain front
of thebird's face Right,a photagyraphof thecast.

Figure 11: Ontheleft, a singleclose-upscanof the headof the parrot statue with samplespacingabout0.4mm.Centey 146
scansare combinedo male a superresolutionsurface Noticethe feathertexture on theface which wasinvisiblein thesingle
scan.Right,a phota@raphof the statue
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