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Abstract
We presenta novel approach to reconstruction basedsuper-
resolutionthat explicitly modelsthe detector’s pixel layout.
Pixelsin our modelcanvary in shapeandsize, andtheremay
be gapsbetweenadjacentpixels. Furthermore, their layout
can be periodic as well as aperiodic,such as Penrosetiling
or a biological retina. We also presenta new variant of the
well knownerror back-projectionsuper-resolutionalgorithm
that makesuseof theexactdetectormodelin its back projec-
tion operator for betteraccuracy. Our methodcanbeapplied
equallywell to eitherperiodicor aperiodicpixel tiling.
Through analysisand extensivetestingusing syntheticand
real images,weshowthatour approach outperformsexisting
reconstructionbasedalgorithmsfor regular pixel arrays.We
obtain significantlybetter resultsusing aperiodic pixel lay-
outs. As an interestingexample, we apply our methodto a
retina-like pixel structure modeledby a centroidal Voronoi
tessellation.We demonstrate that, in principle, this structure
is betterfor super-resolutionthantheregular pixelarrayused
in today’s sensors.

1 Intr oduction
Recentresearchin super-resolution(SR) have raisedsignif-
icant doubtsregarding the usability of reconstructionbase
super-resolution algorithms (RBA [4]) in the real world.
Baker andKanade[4] showed that the condition numberof
the linearsystemandthevolumeof solutionsgrow fast with
theincrementof themagnificationfactor. Lin andShum[18]
provideda comprehensive analysisof RBA andshowed that
the effective magnificationfactor canbe at most5.7. Zhao
andSawhney [24] showed that even achieving properalign-
mentof localpatchesfor SRis questionable.
To overcometheselimitations a differentapproachto RBA
mustbetaken. As notedby Baker andKanade[4], RBA can
bedecoupledinto two parts:deblurring of theopticalblur and
resolutionenhancement.Sincemultipleimagestakenatsmall
camera displacementsprovide little or noadditionalinforma-
tion with respectto theopticalblur, thefirst part is mostlya
blind imagedeblurring. Moreover, realopticalblur is rarely
or never shift invariant(andthereforecannotbeexpressedby
a single point spreadfunction) andchangeswith focusand
aperture.This makesthe problemof optical debluringnon-
trivial at best.
In this paperwe focuson the secondaspectof RBA: detec-
tor resolution enhancementusing multiple images. Optical
debluringcanlater be appliedto the resultprovided that the
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Figure 1. Regular pixel layout and Penrosepixel layout on the
detector plane. (a) A microscopicview of a Sony 1/ 3” sensor
(part). The shapeof the pixels asviewedthr ough the microlens
array and color filter array, as well as the gapsbetweenpixels,
are clearly visible. (b) A hypothetical aperiodic Penrosepixel
layout. (c) An illustration of an imageat the sensorsurface(ir -
radiance). (d) Spatial integration for the conventional layout. (e)
Spatial integration for the Penroselayout.

lenspropertiesareknown. Thereis asignificanttechnological
gap,however, betweenthetheoretical optical resolutionlim-
its andcurrentsensorresolutions,particularlyfor shortwave-
lengths(380–400nm). This is true for high-qualitysensors
with largepixels(9µ to 15µ) aswell asoneswith very small
pixels (2µ to 4µ). Moreover, sensor technologyadvances
slower thanmay be expected[22], while physics is already
exploring the feasibility of a “perfect lens” using materials
with negative indexesof refraction[21]. Therefore,thereis
a significantneedfor resolutionenhancementat the sensor
level.

1.1 RelatedWork
Roughlyspeaking,SRalgorithmscanbecategorizedinto four
classes[7, 19, 11]. Interpolation-basedalgorithmsregister
low resolutionimages(LRIs) with thehigh resolutionimage
(HRI), thenapplynonuniforminterpolationto produceanim-
provedresolutionimagewhich is thendeblurred.Frequency-
basedalgorithmstry to dealiastheLRIs by utilizingthephase
differenceamongtheLRIs. Learning-basedalgorithms(e.g.
[12, 4]) incorporateapplicationdependentpriors to infer the
unknown HRI. Reconstruction-basedalgorithmsrely on the
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relationshipbetweentheLRIs andtheHRI and assumevari-
ouskindsof priorson theHRI in orderto regularizethis ill-
posedinverseproblem. Among thesefour categoriesof al-
gorithms,RBAs are themostcommonlyusedSRalgorithms.
RBAs usuallyfirst form a linearsystem

L = PH + E , (1)
whereL is the column vector of the irradianceof all low-
resolutionpixels (LRPs) considered,H is the vectorof the
irradianceof the HRI, P gives the weights of the high-
resolutionpixels (HRPs) in orderto obtainthe irradianceof
thecorrespondingLRPs,andE is thenoise.To solve(1), var-
iousmethods,suchasmaximuma posteriori (MAP) [15, 10],
regularizedmaximumlikelihood(ML) [10], projectiononto
convex sets(POCS) [20], anditerative back-projection[16],
havebeenproposedto solve for theHRI.
In all previouswork, theLRPsappearon theleft handsideof
thesystem(1) andtheLRIs areall rectangularregulargrids,
with squarepixels. Basedon sucha configuration, both the
practiceandtheoretical analysis[4, 18] have shown that the
magnificationfactoris limited to a relatively smallnumber.
1.2 Our Contrib utions
We find that the magnificationfactorcanbe much larger if
theaforementionedtwo conventionsof traditionalRBAs are
changed. First, ratherthan using the LRPs directly for the
left handside of (1), we insteadupsamplethe LRIs to the
high-resolutiongrid to match thedetector’s layoutasshown
in Fig. 1(a),(d). For a perfectlysquare pixel layout, this is
identicalto a nearestneighborinterpolation.In theory, this is
equivalentto multiplying a matrix involving the upsampling
to bothsidesof (1). Dueto thepresenceof noise,suchan un-
derlying treatmentresultsin very differentnumericalconse-
quence(This is analogousto the preconditioningtechniques
[13] for solving linear systems.).Second,ratherthanusing
a regular grid for the LRIs, we insteaduse irr egular pixel
layoutsfor thedetector, resulting in LRIs with irregularpixel
shapes.Theirregularlayouthelpsproduceamuchmoreinde-
pendentequationset. Most importantly, sinceour layouthas
no translationalsymmetrywe can uselarger displacements
(multiplesof half a pixel) betweenLRIs without having the
grid repeatitself. This enablescomputationof theHRI with
largermagnifications(for regulargrids,theeffectivedisplace-
mentis modulopixel size,which limits the numberof differ-
entdisplacementsthatareat least! apart).
Moreover, ourmodel’s layout,eitherregularor irregular, does
not requirethat theLRPsfill thewholedetector’s plane.We
specificallymodel the gapsbetweenphysical pixels as null
values,which bettermatchthe informationthat is really ac-
quired by the sensor. In contrast,a sharpdetail at the gap
betweenpixels will be wrongly assumedto not exist using
theconventionalmodel.
We also proposea novel error back-projection algorithm
that iteratively recovers the super-resolved image for arbi-
trary pixel layouts,eitherregularor irregular. Our algorithm,
thoughvery simple, providesbetterresultsthanthe conven-
tionalback-projectionalgorithmsdo.

Figure 2. Upsamping and resampling. Upsampling is done by
placing a regular high resolution pixel (HRP) grid over the ac-
tual shapeof the low resolution pixels (LRP) shown aswhite ar-
eas, then assigningthe value of the LRP to each of the HRPs
covering it. HRPs that (mostly) cover black areas(non photo
sensitive areas)are assignedthe value null . Downsampling is
an inverseprocedure that integratesthe non null HRP valuesto
form the value of its underlying LRP. Resamplingis the compo-
sition of downsamplingand upsampling.

We alsodiscussotheraspectsand potentialbenefitsof Pen-
rose tili ng basedsensors, which are not directly relatedto
super-resolution,andthefeasibilityof manufacturingPenrose
tiling basedpixel layoutsandmatchingmicrolensarrays.We
believethatPenrosetiling sensoris feasiblewith currenttech-
nology.

2 PenroseTiling
Penrosetiling is anaperiodictiling of theplanepresentedby
R.Penrosein 1973[14]. Fig.1(b) showstherhombusPenrose
tiling, which consistsof two rhombuses,eachplacedat five
differentorientationsby specificrules[14]. The ratio of the
numberof thick to thin rhombi is theGoldenNumber1+

!
5

2 ,
which is also the ratio of their area. Unlike regular tiling,
Penrosetiling hasno translationalsymmetry- it never re-
peatsitself exactly1. For thepurposeof super-resolution,this
meansthat it is theoreticallypossibleto integrateand sample
theinfinite planeindefinitely withoutrepeatingthesamepixel
structure.In practice,thisallowsthecaptureof asignificantly
largernumberof differentimagesthanis possiblewith a reg-
ular grid. Moreover, all imagescanbe optimally displaced
approximatelyhalf apixel apartandstill bedifferent.In con-
trast,a regularsquaretiling forcesthemaximaldeltabetween
differentdisplacementsin x andy to beatmost 1

M , whereM
is thelinearmagnification factor. TherhombusPenrosetiling
shown in Fig. 1(b) is a good candidatefor hardware color
sensorrealizationbecauseit is 3-colorable[23] and hassim-
pletiles. This is theprimaryreasonweselectedthisparticular
aperiodictiling.

3 Our Model and Algorithm for SR
We aim at obtainingthe bestpossibleresultsfor real photo-
graphicsystems.Similar to theJitter-Camera[6], we assume
themotionof thecamerato betranslationalonaplaneparallel
to thedetectorplane.Wealsoassumethattheimagesarecap-
tured(or otherwiseselected)in acontrolledmannersuchthat
thedisplacementsareequalin boththehorizontalandthever-
tical directionsandareexactly 1

M apart,whereM is thelinear

1On the infinite plane. But any finite portion of the Penrosetiling can
repeatinfinitely many times[14].



magnificationfactor2. Theshapeof LRPscanalsobediffer-
entfrom eachotherand gapsbetweenpixelsareallowed. As
in [5, 4, 18], wealsoassumethatthepixelsof thesensorhave
uniform photosensitivity, which implies that thecontribution
of anHRPto anLRPis proportionalto its areainsidetheLRP
andviceversa.Theseassumptionsgreatlysimplify ourmodel
andimplementation,however aslater shown in this section,
they caneasilyberelaxed.

3.1 Upsamplingand Resampling
In our approach,the LRPs in eachLRI may not be aligned
on a regular grid. Nonetheless,we canstill index eachLRP
in anLRI aswe have full knowledgeof thepixel layout. As
soonasan LRI is captured,we immediately upsampleit to
thehigh-resolutiongrid to haveanintermediateHRI. It is this
intermediateHRI, not theoriginal LRI, thatis involvedin the
computationsthatfollows. As shown in Fig. 2, upsamplingis
doneby placinga regularhigh resolutionpixel grid over the
actualshapeof thelow resolutionpixelsandthenassociating
HRPsto LRPs. HRPsthatarenot associatedto any LRP are
assignedthe valuenull to differentiatethemfrom the value
zero. Theassumptionon theuniformity of thepixelscanbe
relaxedatthisstageby multiplying theintermediateHRI with
a weightmaskto compensatefor any intra-pixel nonunifor-
maties.As weassumethatthemotionis fronto-paralleltrans-
lational,andthatthedisplacementsbetweenimagesequal 1

M ,
it turnsoutthattheregistrationof theintermediateHRI is sim-
ply an integer shift of the origin. If the motion assumptions
do not hold, anadditionalwarpingstepneedsto be doneaf-
ter the upsampling. We denotethe upsamplingoperatorby
! T i ,G , whereTi is thetransformationfor registrationandG is
thesensorlayoutmap.
Our algorithmalso includesan error back-projectionproce-
dure. It requiresa resamplingoperator(Fig. 2), denotedby
" T i ,G , which simulatesthe imageformationprocessto pro-
ducenew intermediateHRIs given an estimateof the super-
resolvedimage.Theresampling operatorcanbeviewedasa
downsamplingoperatorfollowedby anupsamplingoperator.
An alternative way to view the upsamplingand resampling
operatorsis to view thedownsamplingoperatorasanintegral
over a pixel area,andthe upsampling/ resamplingoperator
as a flood-fill of the pixel areawith this averagevalue. In
practice,the computationis done“in-place”, and no actual
downsizingtakesplace.Theresultingimagesarehypotheses
of the intermediateHRIs assumingthesuper-resolved image
is thecorrectone.

3.2 Err or Back-Projection Algorithm
Oursuper-resolutionalgorithm is avariantof thewell-known
errorback-projectionsuper-resolutionalgorithm[16]. Unlike
thetraditionalalgorithmthatdownsamplesthe imagesinto a
low resolutionarray, our algorithmis performedentirely on
the high-resolutiongrid. Using the conceptsin the previous

2 The meaningof the magnificationfactor for irregular pixel layoutsis
ambiguous.However, aswe focuson quasi-uniformpixel layouts,themag-
nificationfactorcanstill beroughlyestimatedastheincreasein thenumber
of pixels.

subsection,wesummarizeour algorithmasfollows:
Algorithm 1

Inputs:
• Lo1, . . . , LoM 2 : Low resolutionimages(# N 2 pixles)
• T1, . . . , TM 2 : Transformationsfor registering theLRIs.
• M $ N : Magnificationfactor.
• G: Sensorlayoutmap.

Output:
• Su: Super-Resolvedimage(N M %N M ).

Processing:
1. Upsample:I i = Lo i ! T i ,G , i $ [1, . . . , M 2].

2. Initialize: Su0 = 1
M 2

M 2!

i =1
I i .

3. Iterateuntil convergence:

a. Sun +1 = Sun + 1
M 2

M 2!

i =1
(I i & Sun " T i ,G ).

b. Limit : 0 ’ Sun (x, y) ’ MaxVal.

Note thatnull elementsareignoredwhencomputingtheav-
eragevalues.Step3(b) representstheprior knowledgeabout
aphysicallyplausibleimage,whereMaxVal is determinedby
the optical blur and the A/D unit. The differencebetween
ouralgorithmandtheconventionalbackprojectionalgorithm
(with a rectkernel)lies in theup-samplestage.Our upsam-
pling operator! T ,G preservessharpedgesbetweenpixels at
the high-resolutiongrid whereasthe conventional algorithm
appliesthe blur kernelglobally. Henceour upsamplingop-
eratorbetterpreservesthehigh frequenciesin theHRI. Also
notethat if warpingis required,it is performedon the inter-
mediateHRI aftertheupsampling.

4 Analysis
Fromthe linearity of theupsamplingandtheresampling op-
eratorsin Algorithm 1, we seethat every intermediateHRI
I i aligned to the high-resolutiongrid is connectedto the
groundtruthimageSu via amatrixA i :

I i = A i · Su + ni , (2)
whereni is thenoisefrom Lo i . Thematrix A i is exactly the
representationof the operator" T i ,G in Algorithm 1. There-
fore, theiteration3(a)in Algorithm1 canbewrittenas:

Sun +1 = Sun +
1

M 2

M 2"

i =1

(A i · Su + ni & A i · Sun ) , (3)

whichcanberewrittenas:
Sun +1 & Su = (I & Ā)(Sun & Su) + n̄, (4)

whereĀ = 1
M 2

M 2!

i =1
A i andn̄ = 1

M 2

M 2!

i =1
ni . So

Sun & Su = (I & Ā)n (Su0 & Su) +

#
n"

k=0

(I & Ā)k

$

n̄, (5)

Assumingthat the spectralradiusof I & Ā is less than 1,
then lim

n "#
(I & Ā)n = 0 andĀ is non-singularwith Ā$ 1 =

#!

k=0
(I & Ā)k . Thenfrom (5) wehave that:

lim
n "#

Sun = Su + Ā$ 1n̄. (6)



4.1 Implications fr om Err or Analysis
From(6), we mayexpectthat theiterationsresultin a super-
resolved image which deviates from the ground truth by
Ā$ 1n̄. Note that n̄ canbe viewed as the empiricalestima-
tion of themeanof thenoise.Therefore,whenthenoisein the
LRIs isof zeromean(sois ni asthereis alineartransformbe-
tweenthem),wecanexpectthatahighfidelity super-resolved
imageis computed.If wecanchooseanappropriatepixel lay-
out so that thenorm of Ā$ 1 is small, thenthe deviation can
be effectively controlledregardlessof the meanof the noise
(notethat || lim

n "#
Sun & Su|| = ||Ā$ 1n̄|| ’ ||Ā$ 1|| ||n̄||).

As ||Ā$ 1|| is largewhenĀ is closeto besingular, we should
choosean appropriatedetector’s pixel layout suchthat Ā is
far from singular.
Accordingto the above analysis,we mustchoosepixel lay-
outssuchthat therearemorelinearly independentequations
in thesystem(2). The traditionalregular tiling repeatsitself
after a translationof oneLRP (two LRPsif we account for
the Bayerpatternin color sensors).Lin and Shum[18] also
showed that if five LRPscover the samesetof HRPs,then
their equation setmustbelinearly dependent.Theseindicate
thatusingregular (andsquare)tiling usuallyresultsin insuf-
ficientnumberof independentequationset.To overcomethis
difficulty, we try to changetheregulartiling to otherkinds of
tilings. An intuition is to useaperiodictilings.

5 Testingand Evaluation
We evaluatedour approachwith simulationsandreal image
tests.For our first experiment,we simulatedtheentire super-
resolutionprocessfor squareandPenrosepixels. As we do
not have an actualPenrosepixel sensor, our secondexperi-
mentstrivesto beascloseto a realworld conditionsaspos-
sible. We first captureda sequenceof high-resolutionreal
images(eachwith its own uniquenoisecharacteristics)and
thenintegratedpixel valuesto simulateaPenroseimage.The
lastexperimentis astart-to-finishrealimagesuper-resolution
test.
5.1 Regular PixelsQuantization and NoiseTests
In ourfirst simulation,weappliedouralgorithmto LRIs syn-
thesizedfrom groundtruth HRIs of a clock anda face. We
usedregular grids with linear magnification factorsof 1 to
16,andquantizationlevelsof 8and5bits. Noadditionalnoise
wasadded.Fig.3 showsoursuper-resolutionresultsandRMS
errors(comparedto the original image). Thoughthereis a
gradualdegradationwith increasingmagnificationandquan-
tization error, the super-resolution algorithm performs very
well. This matchesour analysisfor zeromean(quantization)
noise.
WethenaddedPoissonnoise(whichbettermodels realnoise)
to the input images. Fig. 4 shows the super-resolutionre-
sult for the “f ace” imageusing additive Poissonnoisewith
mean= 5 and10 grey levels, followedby 8-bit quantization.
Unlike the zeromeanquantization error, the non-zero mean
Poissonnoisesignificantlydegradesthequalityof theresults.
Theresultscanbeimprovedby usingmany moreimagesthan

x2 x4 x8 x16

x8, 256 x8, 625 x8, 900 x8, 1600

Figure4. Noiseevaluation test using regular tiling . The top two
rows show the result of super-resolutionwith differ ent magnifi-
cation factors and Poissonnoiseof mean5 (top) and 10 (middle)
grey levels. All computations were run for several thousands
of iterat ions or until convergence. The amplification of noise
is quite clear and the resultsare very differ ent fr om thosewith
zero-meanquantization error. The bottom row showsthe results
of super-resolution with magnification of x8 and noisemean of
10 running for 1000iterations, with differ ent numbers of input
images(256to 1600).Resultsaremuch better than that obtained
by using the minimum 64 input images(the boxedimage).

thetheoreticalminimumrequirement,asshown in thebottom
row of Fig. 4.
5.2 PenrosePixelsQuantization and NoiseTests
We repeatedthe last two testsfor two Penrosetiling pixel
layouts. The magnification factorswere roughly equivalent
to 8 and16, andthequantization level was8-bit. Unlike for
regular pixels, we useddisplacementsof approximately 0.5
pixels andwereable to usemore images thanwaspossible
with the regulargrid. The resultsshown in Fig.5 areclearly
betterthanthe resultsobtainedwith the regular grid, shown
in Figs.3,4.
To betterquantify the results,we useda concentric test tar-
get having variablespatial frequency contrast3. We added
low level noiseto eachimageto createquantization varia-
tions. Thenwe applied our algorithmand the conventional
backprojectionalgorithmunderexactly thesameconditions
andusingthesamenumberof input images.Fig.7 showsthat
ouralgorithmimprovesthelinearmagnificationby roughlya
factorof two (for thesameRMS errors)comparedto thecon-
ventionalbackprojectionalgorithmwith regular pixels, and
by over a factorof four whenPenrosepixels arealsoused.
Figure8 comparesthe RMS errorasa functionof numberof
imagesfor regularandPenrosetiling respectively. Themag-
nificationfactorwas8 andthesamealgorithm (Algorithm-1)

3Reallens’ contrastdeclinesasthespatialfrequency increases.



x1 x4 x8 x16 x1 x4 x8 x16

8-bit Q (5.2) (9.3) (13.2) 8-bitsQ (6.1) (9.0) (10.9)

5-bit Q (12.3) (19.3) (26.1) 5-bitsQ (11.3) (15.6) (18.8)
Figure 3. Quantization Err or: Super-Resolution results for the “clock” and “face” imagesusing regular tiling . Top left corner:
Original Image. Top row: LRIs with differ ent magnification factors (scaled).Center and bottom rows: Super-resolutionresultsfor
quantization levelsof 8 and 5 bits, respectively.The resultsgradually degradeas the quantization error and magnification increase.
The numbers in parenthesesare the RMS errors.

x8 x16 x8 x16

(1.59) (8.89) (2.07) (8.10)

! 5, x8, 625 ! 5, x16,1600 ! 10,x8, 625 ! 10,x16,1600

Figure5. PenrosePixelssuper-resolutionresults.(top) input im-
agesfor magnification factor of 8 and 16. (middle) 8-bit quan-
tization result. (bottom) 8-bit quantization, and Poissonnoise
results. Noisemean equals5 (using 625 images),and 10 (using
1600images),respectively.

wasappliedtobothlayouts.Onecanseethatwhile theregular
layout improvedslightly whenover-constrained,thePenrose
layout improvedby over 4 times. It is interestingto seethat
the regular layout wasactuallybetterwhen the systemwas
severelyunder-constrained.
For our lastsimulationexample,we compared our algorithm
to anexternallyobtainedresultof [15, 4] usinganimagefrom

x1 (a) x8 (b) x8 (c) x8 (d)

RMS error: (unknown) (5.78) (2.88)
Figure6. (a) Original image. (b) result of super-resolutionusing
[15] (image taken fr om [4]). (c) our result using a regular pixel
layout. (d) our result usinga PenrosePixels layout.
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Figure 8. RMS error vs. number of images. (A): regular lay-
out with square pixels. (B): Penroselayout. The Penroselayout
clearly better utilizes the additional images.

the FERT database[3]. In Fig. 6 the improvementfrom our
approachis clearlyvisible.
5.3 Real Imageswith SimulatedBinning Test
In this testwe captured576 real imageswith a Nikon D70
cameraon a tripod. We computedthe LRIs by integrating



x1 x2 x4 x8 x16 x8 x16

RMS error: (2.9) (8.7) (17.4) (27.5) (3.6) (20.2)

RMS error: (9.6) (19.1) (25.5) (33.9)
Figure7. Test target comparison. Top: input imagesfor regular and Penrosepixel layouts, with magnification factors of 8 and 16
respectively. Middle: super-resolution resultsusingour back projection algorithm for the regular and Penrosepixel layouts. Bottom:
super-resolutionresultsusing the conventional back projection algorithm for the regular layout (with matchedGaussiankernel)

x8 x16 x8 x16

Figure9.Our algorithm applied to real images(eachwith its own
noise)with simulated pixel integration. Top: input imagesfor
the regular and Penrosepixel layout with magnificationsof 8 and
16. Bottom: resultsof our super-resolution algorithm applied to
both regular and Penrosepixel layouts.

eachimagewith the mapG, andthenquantizingthe result.
Thus,theresultingLRIs haduniquenoisedueto sensornoise,
quantization,and JPEG compression. This processis very
similar (thoughnoisier) to pixel binning doneat the analog
level. As with real sensors’ binning, large simulatedpixels
have lower noisethansmall integratedpixels do. The LRIs
werealsosubject to slight misalignmentdueto shake by the
flipping mirror in thecamera.By capturingmoreimagesthan
therequiredminimum,wealsoreducetheeffectof slightmis-
alignments.Fig. 9 shows the resultsof applyingour super-
resolutionalgorithmto theLRIs for regularandPenroselay-
outs.Theadvantageof thePenroselayoutis clear.

5.4 RealScenarioTest
For our real-world test,wecapturedasequenceof imagesus-
ing a B/W versionof theSony 1/ 3 sensorshown in Fig 1(a).
Usingthelensresolutionand pixel sizeand shape,wecreated
asensormodelfor x5 magnification(whichis abovethenom-
inal lensresolution). We modelsquarepixels with trimmed
(null) cornersto matchthe actualpixel shape(including the
microlens).Wethenmovedatestimage,in acontrolledman-
ner, in front of thecameraandcaptured5%5 input imagesat
25 differentdisplacements. To reducenoise,we averaged20
framesfor eachinput image4. Fig. 10(a) shows oneof thein-
put imagesandamagnifiedinsert.Fig. 10(b) showsanactual
intermediateHRI. The black dots are the null valuesat the
cornersof eachpixel. Fig. 10(c) shows the super-resolution
result. Note thatevenfine detailssuchasthedotsabove the
letter‘i’ andin theexclamation markswereresolved.

6 Discussion
So far we have only addressedthe super-resolution related
aspectsof Penrosetiling. We have mentionedbefore that
Penroserhombus tiling is 3-colorable,allowing the useof
RGB color filter arrayson thesensor. Which coloringto use,
andthebestway to demosaicthe image,areopenproblems.
An interestingaspectof PenrosePixelsis their irregularsam-
pling. Theacquiredimagesarenotsubjectto strongMoiréef-
fectsthatcanplagueconventionaldigital photography, partic-
ularly in video.Also, Penroserhombustiling is only onepos-
sible aperiodictiling, which we selectedmainly for its sim-

4This is possiblein a controlledenvironmentsuchas the “Jitter Cam-
era” [6], and saves a lot of storagespaceand computationtime. In un-
controlledenvironments,all capturedimagesshouldbefed directly into the
super-resolutionalgorithmto reducenoiseandmisalignmentsartifacts.



(a) (b) (c)
Figure10.Real imagesuper-resolutionresult. Left: real imagecapturedby the camera(enlarged).Middle: input view for the super-
resolutionalgorithm usingour CCD model. The little black dotsaregapsbetweenpixelsand havenull value. Right: super-resolution
result. Notice the detailsat the magnifiedview, in particular the dotsabove the letter ‘i’ and in the exclamationmarks.

plicity. Furtherresearch is neededto determinewhich tiling,
if any, performsbest.
Anotherpotentiallyinteresting applicationof ourapproachis
researchingsuper-resolutionin biological vision systems.It
is well known that the acuity of many biological vision sys-
tems(including the humaneye) exceedsthe resolutionim-
plied by the sizeof their sensorycells. This phenomenais
commonlyknown as“hyper-resolution”. Thoughwe do not
claim that the eye’s hyper-resolutionactually operatesin a
similar way to reconstructionbasedsuper-resolution,we do
believe that our methodcanestimatethe upperlimit for the
resolvingpowerof biologicalretinalstructures.Thiscanpro-
vide anobjectivetool for comparingthepotentialvisualacu-
ity of differentanimals.
As anexample,Fig.11(a)shows thecell structureof ahuman
fovea. We canseethat thestructureis nearly hexagonal,but
definitelyirregular. Wemodeledthisstructureby acentroidal
Voronoidiagramshown in Fig.11(b), andwe appliedour al-
gorithm to the “f ace” image. The resulting super-resolution
imagewith a magnification factorof roughly18 is shown in
Fig.11(e). This imagelooks betterandhaslower RMS error
thantheresultof theregularpixel layoutwith amagnification
factorof 16. This suggests that theretinal irregularstructure
theoreticallyhasbetterresolvingpowerthantheregularstruc-
ture.
Beforewe concludeour paper, we briefly addressthe plau-
sibility of a hardwarePenrosepixel implementation.At first
glance,manufacturinganimagesensorthatusesanaperiodic
pixel layoutmight seemimplausible.In today’s sensortech-
nologies(CMOSandCCD chips),controlsignalsandpower
suppliesare routedto eachpixel using metal wires. These
wiresareopaqueandrun on top of thesilicon substratecon-

(a) (b)

(c) (d) (e)
Figure11. Super-resolutionusing a centroidal Voronoi grid. (a)
crosssectionof a human eye’s fovea. (b) our centroidal Voronoi
model with magnification factor of approx. 18 (c) ground truth
image. (d) a low-resolutionimage. (c) reconstructedimage RMS
error is 9.4.

taining the photodetectorsin eachpixel. On a regular grid,
wires can be run betweenpixels to minimize their negative
impacton the pixels’ light gatheringefficiency. This is not
truefor Penrosetiling.
Penrosepixel routing becomesmuch simpler if we assume
a back-illuminatedCMOS sensor. In suchdevices,the chip
is thinnedand mountedupsidedown in the cameraso that
light entersfrom the backof the chip. The metal layersare
now underneaththephotodetectors,sothey donotblocklight.
This technologyis becomingmoreappealingaspixel physi-



caldimensionsshrink.ResearchersatSONY, for example,re-
cently demonstrateda high-sensitivity, four megapixel color
CMOS imagesensorwith 3.45µm squarepixels and back-
illumination [17].
With no concernsaboutoccludingpixels,Penrosepixel rout-
ing becomesmuch simpler. Generally, in CMOS sensors,
eachrow of pixelssharesasignalcalledawordline,andeach
column sharesa bitline. When a wordline is asserted,that
row of pixelsdrivestheirdata(avoltage)ontotheirbitlinesto
be readout. The wiring challengeis to connecteachpixel
to a unique wordline/bitline combination. Power supplies
andothercontrol signalscan run in parallel to thesewires.
Slightly increasingthe density of wordlinesandbitlines be-
yondthetheoreticalminimum makesthis taskeasy.
One might ask if it is feasibleto fabricatean image sen-
sor with two differentdiamond-shapedpixels. The irregular
size of the photodetectoritself is not a problem. Fujifilm,
for example,hasproducedanimagesensorwith two oblong,
differently-sizedphotodiodesunderasinglemicrolensin each
pixel [2]. Wealsorequiremicrolenseswith shapes thatmatch
thediamond-shapedpixels.Suchmicrolensarrayscanbepro-
ducedusing meltingphotoresist [9] in asimilarwayto hexag-
onalmicrolensarrayproduction [8].
Eachof the two pixel shapesoccur in five differentorienta-
tions,soa maximumof only tenuniquepixel designswould
benecessary. Assumingweplacethepixelswith customsoft-
ware,standardIC wire routingtoolscouldeasilyconnecteach
pixel to the necessarywires (e.g. power supplies,a unique
wordline/bitlinecombination,andsoon)while ensuringother
desirablepropertieslike small signal wire lengths.Thus,we
believe it is possibleto producea Penrosepixel imagesensor
usingexistingproventechnologies.

7 Conclusion
We presenta novel approachto super-resolution based on
aperiodicPenrosetili ng and a novel back projectionsuper-
resolutionalgorithm.Ourtestsshow thatourapproachsignif-
icantlyenhancesthecapabilityof reconstructionbasedsuper-
resolution,andbrings it closerto bridging the gap between
theopticalresolutionlimit andthesensorresolutionlimit. We
alsoarguethatconstructingarealPenrosetiling sensoris fea-
siblewith currenttechnology. This couldprove very benefi-
cial for demandingimagingapplicationssuchasmicroscopy
andastronomy.
Anotherexciting possibility is to adaptcurrentimagestabi-
lization jitter mechanisms[1] for usewith super-resolution.
Even a modest4x linear magnificationwould turn an 8MP
camerainto a 128MPonefor stationaryandpossiblymoving
[6] scenes,without changingthefield of view.
Acknowledgments
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