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Figure1: Optimizingtheaestheticsof theoriginal photographin (a) byour approach leadsto thenew image composition
shownin (c). (b) showsthecroppingresultof theapproach of [Santellaet al. 2006].Theaestheticscoresare shownin (d).
Our resultin (c) obtainshigheraestheticscore than(a). RT(ruleof thirds),DA(diagonal),VB(visualbalance),andSZ(region
size)are componentsof theobjectivefunction.

Abstract

Aestheticimagesevoke an emotionalresponsethat transcendsmere visualappreciation.In this work wedevelop
a novel computationalmeansfor evaluating the compositionaestheticsof a given image basedon measuring
several well-groundedcompositionguidelines.A compoundoperator of crop-and-retarget is employedto change
therelativepositionof salientregionsin theimage andthusto modifythecompositionaestheticsof theimage. We
proposeanoptimizationmethodfor automaticallyproducinga maximally-aestheticversionof theinput image. We
validatetheperformanceof themethodandshowits effectivenessin a varietyof experiments.

Categories and Subject Descriptors (according to ACM CCS): I.3.3 [Computer Graphics]: Picture/Image
Generation—Displayalgorithms

1. Intr oduction

Humansseekto achieve aestheticsin art. This goal is elu-
sivesincethereis little consensusasto whatmakesonepiece
of art more aestheticthan another. Indeed,the judgmentof
aestheticsis subjective andinvolvessentimentsandpersonal
taste[MB98]. Despitethechallenges,anew �eld calledCom-
putationalAestheticshasemerged.This areaof researchis
concernedwith thestudyof computationalmethodsfor pre-
dicting the emotionalresponseto a pieceof art, and in de-
veloping methodsfor eliciting and enhancingsuchimpres-
sions[Pet07,RPJJS07].

In thiswork,wefocusontheaestheticspropertiesof image
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compositionandemploy rulesthatarewell-known in thepho-
tographycommunity. Suchrulesareroutinely taughtin pro-
fessionalcoursesandtext-books[GS90,Kra05] asguidelines
likely to increasetheaestheticappreciationof photographs.

Compositionrules tell the photographervarious aspects
that he or sheshouldconsiderwhenshootinga photograph.
After the photographis taken thereis little that canbe done
to improve thecompositionof thepicture,without laborious
digital editing. Using commercialtools like Photoshop,one
cancroptheimage,extractforegroundobjectsandpastethem
backinto the image.Phototouch-upis a routinefor profes-
sionalgraphicdesigners,but not for theaverageamateurpho-
tographer.

Automatingthe processof aestheticimageadjustmentre-
quires the developmentof a computationalaestheticscore
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which representsthe expectedcompositionquality of a pic-
ture.We develop andformalizesucha scorebasedon a set
of primary compositionguidelines,including rule of thirds,
diagonaldominance,visual balance,andsizeregion. As far
aswe know, our work is the �rst attemptto incorporatethe
guidelinesof diagonaldominance,visual balance,and size
region in an automaticaestheticscore.As a result,tools for
automaticphototouch-upmaybede�nedassearchproblems.

In orderto modify thecompositionof a givenphotograph,
we employ a compoundoperatorof crop-and-retarget. The
croppingoperatorselectsa subsetof the imageobjects,then
the retargetingoperatoradjuststheir relative locations.The
parametersof this dual operatorare the coordinatesof the
cropwindow andtheamountof in�ation or de�ation theim-
ageundergoesduring the retargetingprocess.By searching
for acombinationof parametersthatproducestheimagewith
themaximalaestheticscore,wegenerateanoutputimagethat
is animprovedversionof theoriginal one,andenableevery-
dayphotographersto createnew photoswith goodcomposi-
tion from their own previously takenphotos.

Thespeci�c contributionsof our work include:i) identify-
ing a setof compositionrules,andimplementingthemcom-
putationallyto allow aquantitative evaluation,ii) considering
retargetingasan operatorto changethe relative positionof
salientregionsin theimage,andiii) facilitatinganautomatic
imageediting tool that enhancesthe aestheticsof a photo-
graph,andeverydayuser's photographyexperience.

2. Background

Varioustechniqueshavebeendevelopedto changethecontent
of imagesin thesenseof imagecompositionandretargeting.

2.1. Imagecompositionand aesthetics

Compositionis thearrangementof visualelementsin theim-
ageframe,which is an essentialaspectin the creationof a
vastvarietyof artisticwork. In their daily work, professional
photographersbring to beara wealth of photo composition
knowledgeand techniques[MB98]. No absoluterules exist
that ensuregood compositionin every photograph;rather,
thereareonly someheuristicprinciplesthatprovide a means
of achieving aneye-pleasingcompositionwhenappliedprop-
erly. Someof theseprinciplesinclude:rule of thirds,shapes
andlines,amputationavoidance,visualbalance,anddiagonal
dominance[Kra05].

There has beenseveral attemptsto allow automaticim-
agescroppingor capturingbasedon thevisualquality of the
output.Simple techniquesfrom traditionalartistic composi-
tion have beenapplied to the artistic renderingof interac-
tive 3D scenes[KHRO01]. Thework of Suhet al. [SLBJ03]
develop a setof fully automatedimagecroppingtechniques
using a visual saliencemodel basedon low-level contrast
measures[IKN98] and an image-basedface detectionsys-
tem. [GRMS01] usesthe rulesof thirds and �fths to place
silhouetteedgesof 3D modelsin view selection. [BDSG04]

positionsthe featuresof interestin an automaticrobot cam-
era using the rule of thirds. [LFN04] considerssomebal-
anceheuristic to arrangeimagesand text objectsin a win-
dow. Zhanget al. [ZZS� 05] propose14 templatesthat uti-
lize compositionrules to crop photosby using facedetec-
tion results.Santellaet al. [SAD� 06] presentan interactive
methodbasedon eye trackingfor croppingphotographs.In-
steadof improving aesthetics,WangandCohen[WC06] pro-
posean algorithm for composingforegroundelementsonto
a new backgroundby integrating matting and compositing
into a single optimizationprocess.Recently, a quality clas-
si�er that assessesthe compositionquality of imagesis sta-
tistically built usinglargephotocollectionsavailableonweb-
sites[NOSS09]. Thecroppedregion with thehighestquality
scoreis then found by applying the quality classi�er to the
croppingcandidates.

Other attemptsto improve image aestheticsmodify as-
pectsotherthanimagecomposition.For example,Cohen-Or
et al. [COSG� 06], seekto enhancethe harmony amongthe
colorsof a given image;Leyvandet al. [LCODL08] enhance
theattractivenessof digital facesbasedon a trainingset.

2.2. Imageretargeting

Image retargeting deals with displaying imageson small
screenssuchascell phonedisplays.The goal of retargeting
is to provide effective small imagesby preservingtherecog-
nizability of importantimagefeaturesduringdownsizing.

Setluret al. [STR� 05] segmentan imageinto regionsand
identi�es importantregions.Then,importantregionsarecut
andpastedon the resizedbackground,wheremissingback-
groundregions are �lled using inpainting. In our work, we
extract salientregionssimilartly, andusethemasprimitives
in theaestheticobjective function.

The relative distanceand distributions of salient objects
aroundtheimageplayacrucialrulein itsaesthetics.Wethere-
foreemploy non-homogenouswarpingtechniquesto alterthe
compositionsof thegivenimages.Oneof the�rst systemsto
allow suchwarpingssubjectto region-preservingconstraints
wasby Galetal. [GSCO06], whopresentamappingthatpre-
serves the shapeof importantfeaturesby constrainingtheir
deformationto bea similarity transformation.

Avidan and Shamir [AS07] proposea content-aware ap-
proachwherea seam-carvingoperatorchangesthesizeof an
imageby gracefullycarving-outpixelsin unimportantpartsof
theimage.Theseam-carvingoperatoris extendedto videore-
targetingandmediaretargeting [RSA08,RSA09]. Thework
of Wolf et al. [WGCO07] presentsa retargetingsolutionfor
video, in which the warpingis computedasa solutionfor a
linearsetof equations.Wangetal. [WTSL08] proposeanop-
timized scale-and-stretchapproachfor resizingimages.Re-
cently, somepatchbasedmethodsareproposedto edit images
by allowing modi�cations of the relative positionof objects
[CBAF08,SCSI08,BSFG09].

Restrictedto still images,the work of Wolf et al. pro-
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posesanalternative to thework of AvidanandShamir. While
bothmethodsareef�cient andeffective,wechooseto usethe
methodof Wolf et al. sinceit seemsto producelessartifacts
dueto its continuousnature.Similarly to AvidanandShamir's
SeamCarvingmethod,themethodof Wolf et al. [WGCO07]
takesasinputasaliency mapF andanew imagewidthWnew.
The treatmentof verticalwarpingis doneindependentlyand
in an analogmanner. The methodthen solves a systemof
equationswherethenew locationxi; j of eachpixel (i; j) along
thex axisis anunknown. Thelocationof theleftmostcolumn
of pixels in the new imageis set to be 1, andthe rightmost
columnis constrainedto beWnew. Two typesof equationsare
usedto constraintheremainingpixels:

Fi; j (xi; j � xi� 1; j ) = Fi; j (1)

W(xi; j � xi; j+ 1) = 0 (2)

The�rst typeof equationsencouragespixelsto bewarped
atadistanceof onepixel apartfrom theirneighborsto theleft,
and the secondtype encouragespixels to be warpedby the
sameamountof theirneighboringpixel below. Thesystemof
equationsis solvedin aleastsquaresmanner, andaccordingto
thesaliency mapF andtheweightW, someof theconstraints
getpriority over others.In particular, salientpixelskeeptheir
space,while lesssalientpixelsare“squished”.Theendresult
is a warpingwhich is smooth,andwhich moreoftenthannot
producesimagesthatseemnatural.

3. Overview

Increasingtheaestheticsof a given imageis a twofold prob-
lem: how to modify the imageandhow to measureits new
aesthetics.Theanswerto thelatterquestionis thecoreof our
method.In Section4 we describethespeci�c imageproper-
tieswemeasure,andhow thesearecomputedalgorithmically.

As for the �rst problem, our method employs a com-
poundoperatoras meansto modify a given image: it non-
homogeneouslyretargets a croppedpart of the image into
a target framehaving differentdimensionsthanthe original
image.Thenthe resultsareremappedhomogeneouslyto the
dimensionsof the original image.This multi-stageoperator
modi�es theproportion,the interrelationamongthegeomet-
ric entities,andthecompositionof theimage.

The parametersof the above recompositionoperatorcon-
stitute a 6D space.The croppingframehasfour degreesof
freedomandthe target frametwo. To reducethedimension-
ality of thesearchspace,we limit thecropandtarget frames
to have thesameaspect-ratioastheinput image,reducingthe
numberof parametersto four: x andy positionof thecropping
frame,its width, andtheamountof retargeting,seeFigure2.

To furtherreducethesearchspace,we limit thesizeof the
crop and target framesto be no lessthan75% of the origi-
nal framesize.In Section5 we show thatthis reducedsearch
spaceis effective enoughto improve theaestheticsof a given
imagewithout causinga dramaticchangeto thesemanticsof
theoriginal image.
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Figure 2: Overview of our aestheticretargetingmethod.(a)
Theoriginal imagewithdifferentcroppingframes;(b) Thered
croppingframein (a) is retargetedinto threedifferentframes
of thesameaspectratio; (c) Theretargetedimagesin (b) are
uniformly scaledto framesof the original sizes,in order to
allow a directcomparisonbetweenimages.Notethatthesizes
of salientobjectsandthedistancesbetweenthemarechanged
by theretargetingoperator. Thetopmostimage in (c) displays
themostaestheticresultfound.

4. Aestheticmeasurement

Our approachis basedon searching,in a low-dimensional
parameterspace,for the mostaestheticimage.This is made
possiblethrougha computationalmodelof imageaesthetics,
which bridgesbetweenlow- andmid-level imageprimitives
andhigh-level professionalguidelinesthatareoftenfollowed.

4.1. Basicaestheticguidelines

Therearevariousguidelinesfor shootingwell-composedpho-
tographs.Weconsidera limited setof suchguidelinesthatare
well-de�ned andprominentin many aestheticimages.

Rule of thirds The most familiar photocompositionguide-
line is theruleof thirds[GS90,Kra05]. Theruleconsidersthe
imageto bedividedinto 9 equalpartsby two equallyspaced
horizontallinesandtwo suchvertical lines,asin Figure3(a).
Thefour intersectionsformedby theselinesarereferredto as
“power points”, and photographersare encouragedto place
the main subjectsaroundthesepoints, and not, for exam-
ple,at thecenterof theimage.Also by this composition-rule,
strongverticalandhorizontalcomponentsor lines in the im-
ageshouldbealignedwith thoselines.Figure3(a),(b)demon-
stratetwo aestheticphotographsthatcomplywith this rule.
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Figure 3: Basic aestheticguidelinesand examples.(a) the
cat objectis locatedat oneof the “power points”, the third
linesare overlayedfor illustration; (b) thehorizonis located
at the thirds line; (c) a dominantdiagonal component;(d) a
balancedimage: objectsare evenlyspreadaroundthecenter.

Diagonal dominance In addition to the lines that mark the
thirds, the diagonalsof the imagearealsoaestheticallysig-
ni�cant. A salientdiagonalelementcreatesa dynamicem-
phasizingeffect [GS90]. Indeed,oneof themostcommonand
effective usesfor thediagonalis asa leadingline – a line that
causestheeyesof theviewersto �xate on thesubjectsalong
it. Figure3(c) shows onesuchexample.

Visual balanceThe conceptof balanceis a crucial compo-
nent to the harmony of an image-composition[Kra05]. In a
visually balancedimage,the visually salientobjectsaredis-
tributedevenly aroundthe centerFigure3(d). Similarly to a
balancedweighing scale,when balanced,the centerof the
“visual mass”is nearbythe centerof the image,wherethis
mass-analogtakesinto accountboth the areaandthe degree
of saliency of visually salientregions.

4.2. Imagepre-processing

Theaestheticscorethatwe assignto animageis basedon an
analysisof its spatialstructureandthedistributionsof salient
regionsandprominentlines in the image.Thesalientregion
detectionis performedusingconventionalalgorithms.

Detectingsalient regionsThesalientregionsaredetectedin
a similar mannerto what was done in the retargeting sys-
temof Setluret al. [STR� 05]. First,we segmenttheimageto
homogenouspatchesusinga graph-basedsegmentationtech-
nique[FH04]. Wethenassignasaliency valueto eachimage-
pixel basedonalow-level saliency scoreof Itti etal. [IKN98].
Thesaliency scoreis thenassignedfor eachpatchby averag-
ing thesaliency of thepixelsthatit covers.Salientpatchesare
thenexpandedusingagreedyalgorithm[STR� 05] thatincor-
poratesnearbypatchesthatsharesimilar color histogramsto
producelargersalientregions.
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Figure 4: Detectionof salient regions and prominentlines
in images (a) Figure 1(a); (b) Figure 7(a). Thered line has
higher saliency value than the green and blue ones.The
darker theregionsare, thelarger thesaliencevalueare.

Detection of prominent lines Our line detector follows
many similar algorithms.First, all line segmentsalong re-
gion boundariesin thesegmentationresultarecollected.The
boundariesaresplit by �tting a sequenceof straightline seg-
ments.Then,out of the in�nite straightlinesthatcontainthe
line segments,the onestraightline with the largestsupport
is selected.This selectedline is re�ned basedon thepartici-
patingsegments,andtrimmedaccordingto the support.The
supportingsegmentsareremoved,andtheprocessrepeats.

In additionto theline detector, wealso�t linesto elongated
salientregionsthatmayexist in theimage.For eachdetected
salientregions Si in the image,we examinethe covariance
matrix of the coordinatesof all its pixels. If the ratio of the
�rst andthe secondeigenvalueof this 2 � 2 matrix is larger
than a threshold(qr = 3), we �t a line segmentto the pix-
els of the region Si . This line segmentis addedto the list of
detectedlines,andall pixels from Si that lie on this segment
areconsideredits support.Eachdetectedline L is assigneda
saliency valueI (L) = (s1 + s2 + s3)=3, wheres1 is the total
lengthof the projectionsof all line segmentsthat supportL,
s2 is proportionalto thelengthof L, s3 is themedianvalueof
thenormof thegradient(computedby theSobeloperator)of
thepixelsalongtheline L, andall threevaluesarenormalized
to be no morethanone.The higherthe valueof I (L) is, the
more importantthe prominentline L is in the image.Those
with very low saliency valuesarediscarded.Figure4 depicts
examplesof salientregionsandprominentline detections.

4.3. Aestheticmeasurementcomputation

Giventhesalientregions,prominentlines,andthecomputed
saliency map,wede�ne ascorethatevaluatetheaestheticsof
theimagebasedon thefour above-mentionedcriteria.

Thesymbolsusedin our paperarelisted in Table1. Note
thatRi andGi aredepictedin Figure3(a); Qi in Figure3(c).
The set X of approximatelydiagonallines containsthe in-
dicesof all lines that form a similar anglewith the horizon
or the vertical aseitherQ1 or Q2 (we usea thresholdof 10
degrees).X denotesthesetof all otherlines. I (Si) andI(Li)
areexplainedin Section4.2.

The normalizedManhattandistancedM is usedto mea-
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Symbol Meaning
w;h Thewidth andheightof theimage
C Centerof theimageframe
Ri ; i = 1;2;3;4 Four third linesof theframe
Gi ; i = 1;2;3;4 Fourpower pointsof theframe
Q1;Q2 Two diagonallinesof theframe
Si ; i = 1;2; � � � ;n Salientregionsdetectedin theimage
C(Si ), A(Si ), I (Si ) Center, areaandsaliency valueof region Si

r(Si) Region size– arearatioof Si with respectto theimage
M(Si ) = A(Si )I (Si ) “Mass” of salientregion Si

Li ; i = 1;2; � � � ;m Prominentlinesdetectedin theimage
X Indicesof approximatelydiagonalimageline
X Indicesof non-diagonallines
I(Li ) Saliency valueof prominentline Li

dM NormalizedManhattandistance
dLM Meanpointson line distanceto line

Table1: Symbolsusedin thepaper.

suredistancesbetween2D pointsin our system.It is de�ned
as dM((x1; y1); (x2; y2)) = jx1 � x2j =w + jy1 � y2j =h, where
dL(L;M), the distancemeasurebetweentwo line segments
L andM, is de�ned as the averagedM distancebetweenall
pointson the segmentL andthe closestpointson M. Since
theManhattandistanceis used,theclosestpoint tendsto the
horizonalor verticalprojection,anda closedform formulais
easilyobtained.

Rule of thirds (RT) Thescoreof this rulehastwo parts:

ERT = gpointEpoint + gl ineEl ine (3)

wherethe point scoreEpoint measureshow closethe salient
regionslie to thepower points,El ine measureshow closethe
prominentlineslie to thethird lines,gpoint ;gl ine areweights.

Thepoint scoreof all salientregionsis calculatedas:

Epoint =
1

å i M(Si )
å i M(Si )e

� D2(Si )
2s1 (4)

whereD(Si ) = min
j= 1;2;3;4

dM(C(Si);G j ) is theminimaldistance

from thesubjectcenterto thefour powerpointsG j , ands1 =
0:17.

Theline scoreis calculatedas:

El ine =
1

å i2 X I (Li)
å i2 X I (Li)e

�
D2

R(Li )
2s2 (5)

whereDR(Li) = min
j= 1;2;3;4

dL(Li;Rj ) is theminimumline dis-

tancebetweenLi andthethird lines,ands2 = 0:17.

In our experiencethe line basedrule of thirds is a better
aestheticpredictorthanits point-basedcounterpartandweset
theweightsin Eq. 3 above asgpoint = 1

3 ;gl ine = 2
3 .

Diagonaldominance(DA) Thediagonaldominancescoreis
computedsimilarly to theline basedruleof thirdsabove:

EDA =
1

å i2 X I (Li)
å i2 X I (Li)e

�
D2

Q(Li )

2s2 (6)

whereDQ(Li) = min(dL(Li;Q1);dL(Li ;Q2)) .

Visual balance(VB) An arrangementis consideredbalanced
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Figure 5: Salient-regionssizes.(a) All the cropping frames
havethe samemaximalscores of Ea if the houseobject is
placedon thepower-pointsof the frames.(b) Thehistogram
of the sizesof salient regions in a versatile setof over 200
professionalimages.

if the“centerof mass”whichincorporatesall salientregionsis
nearbytheimagecenterC. Thevisualbalancescoreis there-
fore (s3 = 0:2):

EVB = e�
d2
VB

2s3 (7)

wheredVB = dM

�
C; 1

å i M(Si ) å i M(Si )C(Si)
�

.

Aestheticscorefunction (RZ) Theaestheticscorefunctionis
de�ned asa combinationof theabove aestheticmeasurement
scores:

Ea =
wRTERT + wDAEDA + wVBEVB

wRT + wDA + wVB
(8)

wherewRT = 1 andwVB = 0:3 are�x edweights.wDA is 1 if
therearedetecteddiagonallinesin theimage,zerootherwise.

Salient-regions sizesWhile combining the three aesthetic
guidelinesis superiorto usingjust onerule (e.g.,the rule of
thirds), it turnsout that this combinedscoreis not restrictive
enough.Consideringasimpleexamplethatcontainsonly one
salientobject,this objectcanbe placedon the power-points
of the image(rule of thirds) at any scale,seeFigure 5(a).
Thatis, therearemany croppingframesthathaveequalhigh-
estscores.We now introducetheregion sizescorethatplays
an importantrule in stabilizingthe optimizationproblemby
eliminatingmuchof this freedom.

The region sizescore's main function is to determinethe
mostvisually appealingscale.It is basedon an observation
that region sizesin professionalphotographsaredistributed
unevenly. Refer to Figure 5(b), which shows the histogram
of the sizesof automaticallydetectedsalient regions in a
databaseof morethan200professionalimageswe collected
for this study. Although the imagesweretaken from various
sources,andthesetof imagesis very diverse,theunderlying
distributionis three-modal,andhasthreedominantpeaksthat
correspondto smallregions,mediumsizedregions,andlarge
regions.In our searchfor themostpleasingretargetedimage,
we encourageregionof sizesthatadhereto this distribution.

Let r(Si) bethefractionof theimagesizeSi captures.The
sizesof salient regions in aestheticimagesare mostly dis-
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Image Sum RT DA VB SZ

(a) 0.85 0.62 0.00 0.10 0.13
(b) 0.86 0.64 0.00 0.09 0.13
(c) 0.90 0.32 0.36 0.12 0.10
(d) 0.93 0.61 0.00 0.17 0.13

Table2: Theaestheticscoresfor theimagesin Figure 3.

tributedaroundthevalues:r1 = 0:1; r2 = 0:56; andr3 = 0:82,
correspondingto small,mediumandlarge regions.The size
scoreencouragesregionsto distributesimilarly:

ESZ = å i max
j= 1;2;3

e
�

(r(Si )� r j )
2

2t j (9)

wheret 1 = 0:07; t 2 = 0:2; t 3 = 0:16wereevaluatedby �tting
a mixtureof Gaussiansto thehistogramof Figure 5(b).

Combined aesthetic score function The combinedscore
functionis de�ned asa combinationof Ea andESZ:

E = (1� wSZ)Ea + wSZESZ (10)

wherewSZ = 0:08.All theweightsusedin thescorefunction
arechosenempirically on a separatesetof images,andare
�x edfor all experiments.

We useour aestheticscorefunctionto calculatethescores
of the imagesin Figure3. The scoresareshown in Table2.
Here,and in the diagramsthroughoutthis paper, the values
RT(rule of thirds),DA(diagonaldominance),VB(visual bal-
ance)andSZ(regionsize)correspondto theenergy functions
(ERT, EDA, EVB andESZ) weighedasin Eq. 10.

4.4. Optimization

Thecroppingframesin theoriginal imagearesearchedover
a 3D spacewhichconsistsof thelocation(x;y) andthewidth
w of the compositionrectangle,keepingthe aspectratio of
theoriginal image.Then,thecroppingframesareretargeted
into the target framesby thenon-homogenouswarpingtech-
nique [WGCO07], wherethe amountof retargeting in both
axesconstitutesa fourth parameter. Figure6 illustrateshow
the variousaestheticscoreschangeas a function of one of
thesefour parameters.

The optimization processconsistson �nding in the 4D
parameterspacethe parametervector that maximizesthe
aestheticscore given in Eq. 10. In our system,we seek
the optimal solution using particle swarm optimization
(PSO)[KE95]. PSOis an evolutionaryoptimizationmethod
startingfrom many randominitializationseeds,whereateach
iterationa setof solutionsexist, the scoresof eachsolution
is calculated,andthe solutionsareupdatedby shifting them
towardthemaximalcurrentsolution.

5. Results,Validation and Discussion

Figures7 and 8 show examplesof aestheticcomposition.
Pleaserefer to the supplementarymaterialandvideo for ad-
ditional results.
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Figure 6: Thechange in theobjectivefunctionsas thecrop
windowmovesfrom left to right in the image of Figure 1(a).
Thex-axisdepictsthe shift in the windowlocation, and the
y-axistheresultingscore. For this visualization,they coordi-
nateandthewidth of thecroppingwindoware �xed, asis the
amountof retargeting.

The visual balancecontributesmuch to the improvement
in Figures8(a) and(d). The rule of thirds and the diagonal
rule are,as expected,anticorrelated.This is much more so
in the output imagesthan in the input images.Figure 8(c)
placesa stronglinear-elementalongthe main diagonal.The
remappingof Figure 8(b) increasestheregionsizetermof the
aestheticscoreconsiderably. Note that the relative distances
amongtheobjectsaremodi�ed dueto thewarpingtechnique
in thesearch,asis verynotablein Figure8(d).

Figure1 shows anotherexample.Thereis oneprominent
horizontalline andtwo diagonallines in the original image,
seeFigure1(a). Optimizing this imageleadsto the new re-
composedimage(Figure1(c)) thatobtainsa higheraesthetic
scorethanany croppingframesuchastheoneshown in Fig-
ure1(b). It is observedthattheresultof Figure1(c) is not just
acroppingof Figure1(a)asit containsmuchmorecloudthan
thecorrespondingcroppingframe.

The proposedsetof aestheticruleswork in unisonin the
scorefunction,seeFigure9. The rule of thirds alone,which
dominatespreviouswork, is not enoughfor ensuringappeal-
ing composition.A statisticalanalysisrevealsthatdueto the
high weightassignedto it, the rule of thirds,appliedboth to
pointsandlines,dominatesthetotal scorein theoriginal im-
age,however at the output image,the contribution is more
evenly spreadamongthevariousaestheticguidelines.This is
thecasein bothexamplesin Figure7. Also, in theoriginal im-
ages,visualbalanceandtheruleof thirdsareuncorrelated.In
theoutputimages,they becomehighly correlated.Examples
of theinterplaybetweenthevariousrulescanbeobservedby
examiningthebarplotsof Figures1(d), 7(d), and 12(d), and
thegraphsof Figure 6.

To numericallyevaluateourscorefunction,weemployeda
datasetof 900casualimagesarbitrarily collectedfrom inter-
nationalwebsitesin which skilled photographersrank pho-
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Figure 7: Resultsof aestheticcomposition.(a) Theoriginal images; (b) an arbitrary croppingframeof (a); (c) theaesthetic
compositionresultbyour approach; (d) theaestheticscoresof (a),(b),and(c).
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Figure8: More resultsgeneratedbyour method.Upperrow: original; Lower:optimized.Thesalientregionsin (c) and(d) are
detectedin a semi-automaticfashion.Thenumbers indicatetheaestheticscores.

tographsthrough them: 300 of the top-ranked images,300
ranked as good,and300 casualimageswere collected.We
computethe aestheticscoresfor thesephotosand their op-
timizedversions.Thehistogramsareshown in Figure10. As
canbeseen,theaestheticscorewedeviseis spreaddifferently
amongthethreegroups,andall threehistogramsmove to the
regionof high scoresduringtheoptimizationprocess.

To furtherstudyour methods,we have comparedit to ex-
isting recompositionmethods[SLBJ03] and [SAD� 06]. In-
steadof usingtheeye trackingdata,weusethesamesalience
mapto run the algorithmof [SAD� 06] asusedin the other
approaches.Note that thesemethodshave been designed
to maximize other scores:[SLBJ03] maximizesthe crop's

saliency, and[SAD� 06] maximizescontentareaandfeatures.
Also note that thesemethodsare con�ned to simple crop-
ping. As canbe seenin Figure11, themethodof [SAD� 06]
doesnot produceparticularly aestheticresults.The method
of [SLBJ03] producessomewhatsimplerimages,andaimsto
createthumbnailimagesthatareeasilyrecognizable.To pre-
venta biasin theresultsdueto selectionof theinput images,
we madesureto includemany casualimagesandtheimages
of theBerkeley SegmentationBenchmark[MFTM01] in our
experiments.The resultsare provided in the supplementary
material.While nomethodcanrecoverfrom averypoorinput
composition,a goodsystemis expectedto eithercreatea no-
ticeablybettercompositionor to keepthe input composition
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Figure9: Aestheticcompositionresultsusingdifferentguide-
lines.Upperrow: (a) theoriginal image; (b) thecomposition
resultusingtheguidelineof rule of thirds;(c) thecomposition
resultusingtheguidelineof rule of thirdsanddiagonaldomi-
nance. Lowerrow: (a) theoriginal image; (b) thecomposition
resultusingtheguidelineof rule of thirds;(c) thecomposition
resultusingtheguidelineof rule of thirdsandvisualbalance.
Here wSZ = 0 to seehowtheothercompositionruleswork.
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Figure 10: (a) Aestheticscore histogramsfor threesetsof
photographs: red bars showthe resultsof professional-level
photos;green– goodphotos;blue– casualphotos.(b) Same,
for thematching optimizedimages.

moreor lessthe same.As shown in the results,our method
is robust in thatsense(seethecomparisonwith [SAD� 06] in
thesupplementarymaterial).

Thecrop-and-retargetoperatortypically resultsin a zoom-
in effect. For someimages,however, the most aestheticre-
sult is obtainedby capturinga larger zoomed-outframe. If
thebackgroundis simple,we canusetexturesynthesisor in-
paintingtechniquesto enlargetheimageprior to applyingour
technique.Figure12 containstwo suchexamples,wherethe
imageswereextendedusingPhotoshop's CloneStamptool.
Indeed,themostaestheticversionsof theseexampleshave a
framelargerthantheoriginalone.

The same“zoom-out” techniquecan also be usedto ob-
jectively validateour performance.We have collecteda test
setof professionalphotographsandextendedtheir contentby
meansof texture-synthesis.We then appliedour methodto
thephotographs.As canbeseenin Figure13(a-b),therecom-
posedphotographis generallysimilar to the original photo-
graph.In oneoutof thetentests(Figure13(c)) thenew image
wasconsiderablydifferent.

Our algorithmtakes0.14-0.18secto optimizethecompo-

 

 

 
 

 

 

 

(a) 

(b) 

(c) 

Figure12: For someimages,thebestaestheticresultsareob-
tainedby zoomingout.Whilezoomingout is not possiblefor
all images,for someimagestexture-synthesisenablessuch an
effect. (a) Theoriginal images; (b) Enlarged images by ap-
plying a texture synthesistechnique;(c) theresultsgenerated
by applyingour techniqueon (b); (d) theaestheticscoresof
(a),(b),and(c), respectively.

sitionaphotoof size1024� 768if weonly allow croppingin
thesearching.If we incorporateretargetingoperator, it takes
2-14sec.

User study To further evaluate the performanceof our
method,we have conductedthreeuserstudies.The�rst com-
paredviewers' assessmentof the aestheticappealof our ap-
proach and gaze-basedcropping approach[SAD� 06]. We
have generateda set of 30 triples of images;one original,
onecrop generatedby [SAD� 06], andonegeneratedby our
approach.Eachsubjectwasasked to selectthe bestlooking
imageout of eachtriple. Theseconduserstudyinvolvedex-
aminingwhetherour optimizedresultsarecompetitive to the
crops by a professionalphotographer. For a set of 30 im-
ages,theskilledphotographercroppeda“bestlooking” crops
for eachimageby handin Photoshop.Theoptimizedimages
weregeneratedusingourapproach.Eachsubjectwasaskedto
selectwhetheroneimagelooksmuchbetterthantheotheror
whether“the two imageslook similar”. The third userstudy
aimedto assessthe performanceof our method.This time,
thesubjectswere�rst taughtsomebasiccompositionguide-
linesasshown in Section4.1.Onceagain,30pairsof original
imageandoptimizedimagewereshown to eachsubjectwho
wasasked which betteradheresto the guidelines.In all the
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Figure 11: Comparisonwith thepreviousapproaches.(a) Theoriginal images;(b) theresultsof our approach; (c) theresults
of Santellaet al.'s approach [2006]; (d) theresultsof Suhet al.'s [2003]. Notethat line-basedinformationplaysa crucial role
in photocompositionandignoring it leadsto inferior results.
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Figure 13: Upper left: the original images; Bottom:the ex-
tendedimagesby Photoshop;Upperright: optimizedimages
from the extendedimages.Note that the recomposedimage
is typically very similar to the original image, which means
that our methodis ableto identifytheaestheticquality of the
original image. Theoriginal photographswere takenbywell-
knownphotographers (a) JacquelineRobertsand (b) Yann
Arthus-Bertrand.Thenumbers indicatetheaestheticscores.

studies,the testimagesarerandomlychosenandthe images
in eachpair or triple areshown sideby side(randomorder)
on a 19-inchCRT. A total of 56 subjectseachparticipatedin
thethreesetsof experiments,which tookabout20minuteson
average.Thesubjectsaremalesandfemalesbetweentheages
of 21and55.7 subjectshavemuchphotographyor artexperi-
ence,33 subjectshave a few knowledgeof photography, and
theothersalmostknow nothingaboutphotography.

In the �rst study, the percentagesof the selectedorigi-
nal images,theresultsof gaze-basedmethod,andtheresults
of our methodare19:6%;36:3% and44:1%, respectively. It
shows a cleartendency toward therecomposedimagesusing
ourapproach.

In thesecondstudy, thepercentagesof theselectedanswers
of "hand-croppedimage","similar", and"optimized image"
are 15:2%;81:8% and 3:0%, respectively. It shows that the
optimizedimagesgeneratedby our approacharecloseto the
professionalcrops.

In the third study, the usersagreealmost unanimously
(93.7%) that the manipulatedimagesbetter adhereto the
givencompositionrules.

Limitations Professionalphotographsdo not necessarilyuse
the prede�nedaestheticguidelines,and often choseto dis-
obey them.Our techniquefollows theguidelineswithoutdis-
cretionanddoesnotapplyinspirationor creativity. Moreover,
ourmethod,similarly to any methodthatmodi�es therelative
locationsof imageparts,may changerelative sizesandpro-
portionswithin the imagesuchthat the imagesemanticsare
altered.For someimages,thesalientregionsdetectionalgo-
rithm doesnotdetectall salientregions.Wethereforeapplied
thisalgorithmin asemi-automaticfashionandaugmentedthe
list of salientregions.This wasdonefor theimagesin Figure
8(c),(d).As the imagesarewarpedin the retargeting,distor-
tion onthesalientobjectsmightbenoticeablein someresults.

6. Conclusionand Futur eWork

Wedemonstratethataestheticscanbeevaluatedcomputation-
ally with high enoughaccuracy to be useful. This opensa
new avenuefor variousapplicationsto be enhancedby the
ability to automaticallyassignaestheticscores.For example,
aestheticviews of 3D modelscanbeidenti�ed andappealing
logoscanbegeneratedgivena setof userrequirements.

As a �rst suchapplicationwe proposethe ability to auto-
matically recomposeimages,andshow that by optimizing a
set of only four parameterswe are able to generaterecom-
posedimagesthat arenotablymoreaesthetic.Futureefforts
for therecomposingapplication,canfocuson improving the
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aestheticscore.We would like to explore the possibility of
improving the salient-region detectionmethodby meansof
computational-learning,andto addcolorbasedconsiderations
to thescoreenablingtheautomaticaugmentationof thecol-
ors in the image.Aestheticsperceptionis alsoin�uenced by
the structureof the underlyingscene,andwe would like to
exploreaddingthisandsemanticinformationto theanalysis.
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