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Figure 1: Optimizingtheaesthetic®f theoriginal photayraphin (a) by our approad leadsto the new image composition
shownin (c). (b) showsthe croppingresultof theapproad of [Santellaetal. 2006]. Theaestheticscoesare shownin (d).
Our resultin (c) obtainshigheraestheticscoe than (a). RT(ruleof thirds), DA(diagonal), VB(visualbalance),and SZ(egion

size)are componentsf the objectivefunction.

Abstract

Aesthetidmagesevoke an emotionalresponsehat transcendsnele visual appreciation.In this work we develop
a novel computationalmeansfor evaluating the compositionaestheticof a givenimage basedon measuring
several well-groundedcompositiorguidelines A compoundpemtor of crop-and-etamet is employedo change

therelativepositionof salientregionsin theimage andthusto modifythe compositioraesthetic®f theimage. We

proposean optimizationmethodior automaticallyproducinga maximally-aesthetigersionof theinputimage. We

validatethe performancenf the methodand showits effectivenesin a variety of experiments.

Catggories and Subject Descriptors (accordingto ACM CCS)

Generation—Displaglgorithms

1.3.3 [Computer Graphics]: Picture/Image

1. Intr oduction

Humansseekto achiese aestheticdn art. This goal is elu-

sive sincethereis little consensuasto whatmalkesonepiece
of art more aesthetichan another Indeed,the judgmentof

aestheticss subjectve andinvolvessentimentsandpersonal
taste[MB98]. Despitethechallengesanew eld calledCom-
putational Aestheticshasemepged. This areaof researchs

concernedvith the study of computationamethodsfor pre-
dicting the emotionalresponseo a pieceof art, andin de-
veloping methodsfor eliciting and enhancingsuchimpres-
sions[Pet07RPJJISO)

In thiswork, we focusonthe aestheticpropertieof image
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compositiorandemplay rulesthatarewell-known in thepho-
tographycommunity Suchrulesareroutinely taughtin pro-
fessionalcoursesandtext-books[GS9QKra05 asguidelines
likely to increasdhe aestheti@ppreciatiorof photographs.

Compositionrules tell the photographewarious aspects
that he or sheshouldconsiderwhen shootinga photograph.
After the photographs taken thereis little thatcanbe done
to improve the compositionof the picture,without laborious
digital editing. Using commercialtools like Photoshoppne
cancroptheimage extractforegroundobjectsandpastehem
backinto the image.Phototouch-upis a routinefor profes-
sionalgraphicdesignersbut not for theaverageamateupho-
tographer

Automatingthe processof aesthetiamageadjustmente-
quires the developmentof a computationalaestheticscore
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which representshe expectedcompositionquality of a pic-
ture. We develop andformalize sucha scorebasedon a set
of primary compositionguidelines,including rule of thirds,
diagonaldominanceyisual balance andsizeregion. As far
aswe know, our work is the rst attemptto incorporatethe
guidelinesof diagonaldominanceyvisual balance,and size
region in an automaticaestheticscore.As a result, tools for
automatigohototouch-upmaybede ned assearctproblems.

In orderto modify the compositionof a given photograph,
we emplgy a compoundoperatorof crop-and-retayet. The
croppingoperatorselectsa subsebf theimageobjects,then
the retageting operatoradjuststheir relative locations.The
parameterf this dual operatorare the coordinatesof the
cropwindowv andtheamountof in ation or de ation theim-
age undegoesduring the retageting processBy searching
for acombinationof parametershatproducegheimagewith
themaximalaesthetiscore we generat@noutputimagethat
is animproved versionof the original one,andenableevery-
day photographerso createnen photoswith good composi-
tion from their own previously takenphotos.

Thespeci ¢ contritutionsof our work include:i) identify-
ing a setof compositionrules,andimplementingthemcom-
putationallyto allow a quantitatve evaluation,ii) considering
retageting as an operatorto changethe relative position of
salientregionsin theimage,andiii) facilitatinganautomatic
image editing tool that enhanceghe aestheticof a photo-
graph,andeverydayusers photographyexperience.

2. Background

Varioustechniquehave beendevelopedto changehecontent
of imagesn the senseof imagecompositionandretageting.

2.1. Image compositionand aesthetics

Compositionis the arrangemendf visualelementsn theim-
ageframe, which is an essentialaspectin the creationof a
vastvariety of artisticwork. In their daily work, professional
photographer$ring to beara wealth of photo composition
knowledge and techniquedMB98]. No absoluterules exist
that ensuregood compositionin every photograph;rather
thereareonly someheuristicprinciplesthatprovide a means
of achiezing aneye-pleasing:ompositionwvhenappliedprop-
erly. Someof theseprinciplesinclude:rule of thirds, shapes
andlines,amputatioravoidanceyisualbalanceanddiagonal
dominancgKra0§g.

There has beenseveral attemptsto allow automaticim-
agescroppingor capturingbasedon the visual quality of the
output. Simple techniquesrom traditional artistic composi-
tion have beenappliedto the artistic renderingof interac-
tive 3D scenegKHROO01]. Thework of Suhetal. [SLBJOJ3
develop a setof fully automatedmage croppingtechniques
using a visual saliencemodel basedon low-level contrast
measure§IKN98] and an image-basedace detectionsys-
tem. [GRMSO0] usesthe rules of thirds and fths to place
silhouetteedgesof 3D modelsin view selection.[BDSG04

positionsthe featuresof interestin an automaticrobot cam-
erausing the rule of thirds. [LFNO4] considerssomebal-
anceheuristicto arrangeimagesand text objectsin a win-
dow. Zhanget al. [ZZS 05] proposel4 templatesthat uti-
lize compositionrulesto crop photosby using face detec-
tion results.Santellaet al. [SAD 06] presentan interactve
methodbasedon eye trackingfor croppingphotographsin-
steadof improving aestheticsyWangandCohen[WCO0§ pro-
posean algorithm for composingforegroundelementsonto
a new backgroundby integrating matting and compositing
into a single optimizationprocessRecently a quality clas-
si er thatassessethe compositionquality of imagesis sta-
tistically built usinglarge photocollectionsavailableonweb-
sites[NOSS09. The croppedregion with the highestquality
scoreis thenfound by applying the quality classi er to the
croppingcandidates.

Other attemptsto improve image aestheticamodify as-
pectsotherthanimagecomposition For example,Cohen-Or
et al. [COSG 06], seekto enhancehe harmory amongthe
colorsof agivenimage;Leyvandetal. [LCODLO08] enhance
theattractvenesf digital faceshasedn atrainingset.

2.2. Imageretargeting

Image retageting deals with displaying imageson small
screenssuchascell phonedisplays.The goal of retageting
is to provide effective smallimagesby preservinghe recog-
nizability of importantimagefeaturesduringdownsizing.

Setluretal. [STR 05] segmentanimageinto regionsand
identi es importantregions. Then,importantregions are cut
and pastedon the resizedbackgroundwhere missingback-
groundregions are lled usinginpainting. In our work, we
extract salientregions similartly, andusethemas primitives
in the aesthetiobjective function.

The relative distanceand distributions of salient objects
aroundtheimageplayacrucialrulein its aestheticsWethere-
fore employ non-homogenouwarpingtechniquego alterthe
compositionof the givenimages Oneof the rst systemgo
allow suchwarpingssubjectto region-preservingonstraints
wasby Galetal. [GSCOO06, who presenta mappingthatpre-
senesthe shapeof importantfeaturesby constrainingtheir
deformatiornto bea similarity transformation.

Avidan and Shamir[ASQ7] proposea content-svare ap-
proachwherea seam-carvingperatorchangeshe sizeof an
imageby gracefullycarving-oufixelsin unimportanpartsof
theimage.Theseam-carvingperatoiis extendedo videore-
targetingandmediaretageting [RSA08 RSA09Y. Thework
of Wolf et al. [WGCOO07 presentsa retageting solutionfor
video, in which the warpingis computedasa solutionfor a
linearsetof equationsWangetal. [WTSL0§ proposeanop-
timized scale-and-stretchpproachfor resizingimages.Re-
cently somepatchbasednethodsareproposedo editimages
by allowing modi cations of the relative position of objects
[CBAF08,SCSI08BSFG09.

Restrictedto still images,the work of Wolf et al. pro-
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posesanalternatve to thework of AvidanandShamir While

bothmethodsareef cient andeffective, we chooseo usethe
methodof Wolf etal. sinceit seemso producelessartifacts
duetoits continuousature Similarly to AvidanandShamirs
SeamCarvingmethod the methodof Wolf etal. [WGCOO07

takesasinputasalieny mapF andanew imagewidth Whay.

Thetreatmenbf vertical warpingis doneindependentlyand
in an analogmanner The methodthen solves a systemof

equationsvherethenew locationx;.j of eachpixel (i; j) along
thex axisis anunknavn. Thelocationof theleftmostcolumn
of pixelsin the new imageis setto be 1, andthe rightmost
columnis constrainedo beWhey. Two typesof equationsare
usedto constrainthe remainingpixels:

Xi 1j) = Fij (N
X:j+1) = 0 (2

The rst type of equationencouragegixelsto bewarped
atadistanceof onepixel apartirom theirneighborgo theleft,
andthe secondtype encouragegpixels to be warpedby the
sameamountof their neighboringpixel belov. The systemof
equationss solvedin aleastsquaresnannerandaccordingo
thesaliengy mapF andtheweightW, someof theconstraints
getpriority over others.In particular salientpixels keeptheir
spacewhile lesssalientpixelsare“squished”.Theendresult
is awarpingwhichis smooth,andwhich moreoftenthannot
producesmagesthatseemnatural.

Fiij (%]
W(X;;j

3. Overview

Increasinghe aesthetic®f a givenimageis a twofold prob-
lem: how to modify the imageandhow to measureats new
aestheticsTheanswetrto thelatterquestionis the coreof our
method.In Section4 we describethe speci ¢ imageproper
tieswe measureandhow thesearecomputedalgorithmically

As for the rst problem, our method emplg/s a com-
pound operatoras meansto modify a given image:it non-
homaeneouslyretagets a croppedpart of the image into
a target frame having differentdimensionshanthe original
image.Thenthe resultsare remappechomaeneousliyto the
dimensionsof the original image. This multi-stageoperator
modi es the proportion,the interrelationamongthe geomet-
ric entities,andthe compositionof theimage.

The parameter®f the above recompositioroperatorcon-
stitute a 6D space.The croppingframe hasfour degreesof
freedomandthe targetframetwo. To reducethe dimension-
ality of the searchspacewe limit the crop andtargetframes
to have the sameaspect-rati@astheinputimage reducingthe
numberof parameterto four: x andy positionof thecropping
frame,its width, andthe amountof retageting,seeFigure2.

To furtherreducethe searchspacewe limit the sizeof the
crop andtamet framesto be no lessthan 75% of the origi-
nal framesize.In Section5 we shaw thatthis reducedsearch
spacds effective enoughto improve the aesthetic®f a given
imagewithout causinga dramaticchangeto the semanticof
theoriginalimage.
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Figure 2: Overviav of our aesthetiaetamgeting method.(a)

Theoriginal image with differentcroppingframes;(b) Thered

croppingframein (a) is retamgetedinto threedifferentframes
of the sameaspectratio; (c) Theretamgetedimagesin (b) are

uniformly scaledto framesof the original sizes,in order to

allow a directcomparisorbetweerimages.Notethatthesizes
of salientobjectsandthedistancedbetweerthemare changed

by theretagetingopemator. Thetopmosimagein (c) displays
themostaesthetiaesultfound.

4., Aestheticmeasuement

Our approachis basedon searching,n a low-dimensional
parametespace for the mostaesthetiamage.This is made
possiblethrougha computationamodelof imageaesthetics,
which bridgesbetweenlow- and mid-level imageprimitives
andhigh-level professionagjuidelineghatareoftenfollowed.

4.1. Basicaestheticguidelines

Therearevariousguidelinesor shootingwell-composeghho-
tographsWe considerlimited setof suchguidelineshatare
well-de ned andprominentin mary aesthetiémages.

Rule of thirds The mostfamiliar photo compositionguide-
lineis therule of thirds[GS9QKra05. Therule considerghe
imageto bedividedinto 9 equalpartsby two equallyspaced
horizontallinesandtwo suchverticallines,asin Figure 3(a).
Thefour intersectiongormedby thesdinesarereferredto as
“power points”, and photographersre encouragedo place
the main subjectsaroundthesepoints, and not, for exam-
ple, atthe centerof theimage.Also by this composition-rule,
strongvertical andhorizontalcomponent®r linesin theim-
ageshouldbealignedwith thoselines.Figure3(a),(b)demon-
stratetwo aesthetiphotographshatcomplywith thisrule.
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Figure 3: Basic aestheticguidelinesand examples.(a) the
cat objectis locatedat one of the “power points”, the third
linesare overlayedfor illustration; (b) the horizonis located
at thethirdsline; (¢) a dominantdiagonal component(d) a
balancedmage: objectsare evenlyspreadaroundthe center

Diagonal dominance In additionto the lines that mark the
thirds, the diagonalsof the imageare also aestheticallysig-
ni cant. A salientdiagonalelementcreatesa dynamicem-
phasizingeffect[GS9Q. Indeed oneof themostcommonand
effective usesfor thediagonalis asaleadingline — aline that
causeghe eyesof theviewersto xate onthe subjectsalong
it. Figure3(c) shavs onesuchexample.

Visual balance The conceptof balanceis a crucial compo-
nentto the harmoty of animage-compositioriKra0g. In a
visually balancedmage, the visually salientobjectsaredis-
tributed evenly aroundthe centerFigure 3(d). Similarly to a
balancedweighing scale,when balanced the centerof the
“visual mass”is nearbythe centerof the image,wherethis
mass-analogakesinto accountboth the areaandthe degree
of salieny of visually salientregions.

4.2. Image pre-processing

The aestheticscorethatwe assignto animageis basedon an
analysisof its spatialstructureandthedistributionsof salient
regionsandprominentlinesin theimage.The salientregion
detectionis performedusingcornventionalalgorithms.

DetectingsalientregionsThe salientregionsaredetectedn

a similar mannerto what was donein the retageting sys-
temof Setluretal. [STR 05]. First, we sggmenttheimageto
homogenougatchesisinga graph-basedeggmentatiortech-
nique[FHO4]. We thenassigna salieng valueto eachimage-
pixel basednalow-level salieny scoreof Itti etal. [IKN98].

Thesalieny scoreis thenassignedor eachpatchby averag-
ing thesalieng of thepixelsthatit covers.Salientpatchesre
thenexpandedusingagreedyalgorithm[STR 05] thatincor

poratesnearbypatcheghat sharesimilar color histogramgo
produceargersalientregions.

@ (b)

Figure 4: Detectionof salientregions 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 the saliencevalueare.

Detection of prominent lines Our line detector follows
mary similar algorithms.First, all line segmentsalong re-
gion boundariesn the segmentatiorresultarecollected.The
boundariesresplit by tting asequencef straightline seg-
ments.Then,out of thein nite straightlinesthatcontainthe
line segments,the one straightline with the largestsupport
is selectedThis selectedine is re ned basedon the partici-
pating segments,andtrimmedaccordingto the support.The
supportingsegmentsareremoved, andthe processepeats.

In additionto theline detectorwealso t linesto elongated
salientregionsthatmay exist in theimage.For eachdetected
salientregions § in the image,we examinethe covariance
matrix of the coordinatef all its pixels. If the ratio of the

rst andthe secondeigervalue of this2 2 matrix is larger
thana threshold(gr = 3), we t aline sggmentto the pix-

els of theregion S. This line segmentis addedto the list of

detectedines,andall pixels from § thatlie on this sggment
areconsideredts support.Eachdetectedine L is assigneda
salieny valuel(L) = (s1 + s + 53)=3, wheres; is the total
length of the projectionsof all line segmentsthat supportL,

s, is proportionalto thelengthof L, s3 is themedianvalueof

thenormof the gradient(computecdby the Sobeloperator)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 salieny valuesarediscardedFigure4 depicts
examplesof salientregionsandprominentline detections.

4.3. Aestheticmeasurementcomputation

Giventhe salientregions,prominentlines,andthe computed
salieny map,we de ne ascorethatevaluatetheaestheticof
theimagebasedon thefour above-mentionedriteria.

The symbolsusedin our paperarelistedin Table 1. Note
thatR; andG; aredepictedin Figure3(a); Q; in Figure3(c).
The set X of approximatelydiagonallines containsthe in-
dicesof all lines that form a similar anglewith the horizon
or the vertical aseitherQ; or Q, (we usea thresholdof 10
degrees) X denoteghe setof all otherlines. (S) and! (L)
areexplainedin Section4.2

The normalizedManhattandistancedy, is usedto mea-
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Symbol Meaning

w; h Thewidth andheightof theimage

C Centerof theimageframe

R;i=1,2,34 Fourthird linesof theframe

Gi;i= 1,234 Four power pointsof theframe

Q1;Q2 Two diagonallinesof theframe

S;i=12 ;n Salientregionsdetectedn theimage

C(S), A(S), I(S) Centerareaandsalieny valueof region S
r(s) Region size— arearatio of § with respecto theimage
M(S) = A(S)I(S) “Mass” of salientregion §

Li;i= 1,2, ;m Prominentinesdetectedn theimage

X Indicesof approximatelydiagonalimageline
X Indicesof non-diagonalines

1(Li) Salieny valueof prominentiine L;

dw NormalizedManhattardistance

dim Meanpointson line distanceto line

Tablel: Symbolsisedin thepaper

suredistancedetweer2D pointsin our systemlt is de ned

asdu((x1;y1); (X2;¥2)) = jx1 Xgj=w+ jy1  yoj=h, where
d.(L; M), the distancemeasurebetweentwo line sggments
L andM, is de ned asthe averagedy distancebetweenall

pointson the sgmentL andthe closestpointson M. Since
the Manhattandistanceis used the closestpoint tendsto the
horizonalor vertical projection,anda closedform formulais

easilyobtained.

Rule of thirds (RT) Thescoreof this rule hastwo parts:

ERT = Gpoirt Epoint + QineBline (3

wherethe point scoreEpoir measuresiown closethe salient
regionslie to the pawer points, Ejine measurefiov closethe
prominentineslie to thethird lines, goirt ; Gine areweights.

Thepointscoreof all salientregionsis calculatechs:

D2(§)

1 o)
Epoirt = mai M(S)e 4)

whereD(S§) = Ti2n34dM(C(S);Gj) istheminimal distance
=123,

from the subjectcenterto thefour power pointsGj, ands 1 =

0:17.

Theline scoreis calculatedas:
1 Gl
Eline = maizym—i)e =2 (5)
whereDg(L;) = j:rlr;1g13;4d|_(Li;Rj) is the minimum line dis-
tancebetweerL; andthethird lines,ands» = 0:17.

In our experiencethe line basedrule of thirdsis a better
aesthetigredictorthanits point-basedounterparandwe set
theweightsin Eq. 3 abo/e aSgpoint = 3;Gine = 3-

Diagonal dominance(DA) Thediagonaldominancescoreis
computedsimilarly to theline basedule of thirdsabove:

3L

Epa = maile(h)e =2 (6)

whereDg(Li) = min(d_(Li; Q1); di(Li; Q2)).
Visual balance(VB) An arrangemenis consideredalanced
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Figure 5: Salient-egionssizes.(a) All the cropping frames
have the samemaximalscoes of E; if the houseobjectis

placedon the powerpoints of the frames.(b) The histogram

of the sizesof salientregionsin a versatile setof over 200
professionaimages.

if the“centerof mass'whichincorporatesll salientregionsis
nearbytheimagecenterC. Thevisualbalancescoreis there-
fore(sz = 0:2):

R
vs)

Eve=€

wheredyg = dy C;méiM(S)C(S) .

Aestheticscorefunction (RZ) Theaesthetiscorefunctionis
de ned asa combinationof the above aesthetieneasurement
scores:

)

WRTERT + WpaEDA+ WBEVE
WRT + Wpa+ WyB
wherewrT = 1 andwyg = 0:3 are x edweights.wpa is 1 if
therearedetectedliagonalinesin theimage,zerootherwise.

Ba= (8)

Salient-regions sizes While combining the three aesthetic
guidelinesis superiorto usingjust onerule (e.g.,therule of
thirds), it turnsout thatthis combinedscoreis not restrictive
enoughConsideringa simpleexamplethatcontainsonly one
salientobject, this objectcanbe placedon the power-points
of the image (rule of thirds) at ary scale,seeFigure 5(a).
Thatis, therearemary croppingframesthathave equalhigh-
estscoresWe now introducetheregion sizescorethatplays
animportantrule in stabilizingthe optimizationproblemby
eliminatingmuchof this freedom.

The region size scores main functionis to determinethe
mostvisually appealingscale.lt is basedon an obseration
that region sizesin professionabhotographsare distributed
unevenly. Referto Figure 5(b), which shawvs the histogram
of the sizesof automaticallydetectedsalientregionsin a
databasef morethan 200 professionalmageswe collected
for this study Althoughthe imagesweretaken from various
sourcesandthe setof imagesis very diverse the underlying
distributionis three-modalandhasthreedominantpeakshat
correspondo smallregions,mediumsizedregions,andlarge
regions.In our searctfor themostpleasingetagetedimage,
we encourageegion of sizesthatadhereo this distribution.

Letr(S) bethefractionof theimagesizeS capturesThe
sizesof salientregionsin 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) 090 | 032 0.36 | 0.12 | 0.10
(d) 093 | 0.61 | 0.00 | 0.17 | 0.13

Table2: Theaestheticscoesfor theimagesin Figure 3.

tributedaroundthevaluesrq = 0:1;r, = 0:56; andr3 = 0:82,
correspondingo small, mediumandlarge regions. The size
scoreencouragegegionsto distribute similarly:

s rp?

Esz= 4, axe “ 9)

wheret; = 0:07;t, = 0:2;t3= 0:16 wereevaluatedcby tting
amixture of Gaussianso the histogramof Figure 5(b).
Combined aesthetic score function The combinedscore
functionis de ned asa combinationof E5 andEsz:

E=(1 wszEa+ wszEsz (10)

wherewsz = 0:08. All theweightsusedin the scorefunction
are chosenempirically on a separateset of images,and are
x edfor all experiments.

We useour aestheticscorefunctionto calculatethe scores
of the imagesin Figure 3. The scoresareshavn in Table 2.
Here,andin the diagramsthroughoutthis paper the values
RT(rule of thirds), DA(diagonaldominance)VB(visual bal-
ance)andSZ(region size)correspondo the enegy functions
(ErT, Epa, BEvB @andEsz) weighedasin Eq. 10.

4.4, Optimization

The croppingframesin the original imagearesearcheaver
a 3D spacewhich consistf thelocation(x; y) andthewidth
w of the compositionrectangle keepingthe aspectratio of
the original image.Then, the croppingframesareretageted
into the tamgetframesby the non-homogenouwarpingtech-
nigue [WGCOO07, wherethe amountof retagetingin both
axes constitutesa fourth parameterFigure 6 illustrateshow
the various aestheticscoreschangeas 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 evolutionary optimizationmethod
startingfrom mary randominitialization seedsywhereateach
iteration a setof solutionsexist, the scoresof eachsolution
is calculatedandthe solutionsare updatedby shifting them
towardthe maximalcurrentsolution.

5. Results,Validation and Discussion

Figures7 and 8 shav examplesof aestheticcomposition.
Pleasereferto the supplementarynaterialandvideo for ad-
ditionalresults.

= Sum
== DA
0.8
= RT
VB
0.6 74
0.4
0.2

0

Figure 6: Thechange in the objectivefunctionsasthe crop
windowmovesfrom left to right in theimage of Figure 1(a).
The x-axis depictsthe shift in the windowlocation, and the
y-axistheresultingscoe. For this visualization they coordi-
nateandthewidth of the croppingwindoware xed, asis the
amountof retamgeting

The visual balancecontritutesmuchto 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 outputimagesthanin the input images.Figure 8(c)
placesa stronglinearelementalongthe main diagonal.The
remappingf Figure 8(b) increasesheregionsizetermof the
aestheticscoreconsiderablyNote that the relative distances
amongthe objectsaremodi ed dueto thewarpingtechnique
in thesearchasis very notablein Figure8(d).

Figure 1 shaws anotherexample.Thereis one prominent
horizontalline andtwo diagonallinesin the original image,
seeFigure 1(a). Optimizing this imageleadsto the new re-
composedmage(Figure1(c)) thatobtainsa higheraesthetic
scorethanary croppingframesuchasthe oneshavn in Fig-
urel(b).It is obseredthattheresultof Figurel(c)is notjust
acroppingof Figurel(a)asit containsmuchmorecloudthan
thecorrespondingroppingframe.

The proposedsetof aestheticuleswork in unisonin the
scorefunction, seeFigure9. Therule of thirds alone,which
dominategpreviouswork, is not enoughfor ensuringappeal-
ing composition A statisticalanalysisrevealsthatdueto the
high weightassignedo it, the rule of thirds, appliedboth to
pointsandlines, dominateghetotal scorein the original im-
age, however at the outputimage, the contrikution is more
evenly spreacamongthevariousaesthetiguidelines Thisis
thecasan bothexamplesn Figure7. Also, in theoriginalim-
agesyisualbalanceandtherule of thirdsareuncorrelatedin
the outputimagesthey becomehighly correlated Examples
of theinterplaybetweerthe variousrulescanbe obsered by
examiningthebarplotsof Figuresl(d), 7(d), and 12(d), and
thegraphsof Figure 6.

To numericallyevaluateour scorefunction,we emploeda
datasebf 900 casualimagesarbitrarily collectedfrom inter-
nationalwebsitesin which skilled photographersank pho-
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Figure 7: Resultof aestheticcomposition(a) Theoriginal images; (b) an arbitrary croppingframeof (a); (c) the aesthetic
compositiorresultby our approad; (d) the aestheticscoesof (a),(b),and(c).
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Figure 8: More resultsgeneatedby our method Upperrow: original; Lower: optimized Thesalientregionsin (c) and(d) are
detectedn a semi-automati¢ashion.Thenumbes indicatethe aestheticscoees.

tographsthroughthem: 300 of the top-ranked images,300
ranked as good, and 300 casualimageswere collected.We
computethe aestheticscoresfor thesephotosand their op-
timizedversions.The histogramsareshavn in Figure10. As
canbeseentheaesthetiscorewe deviseis spreadiifferently
amongthethreegroups,andall threehistogramsnove to the
region of high scoresduringthe optimizationprocess.

To further study our methodswe have comparedt to ex-
isting recompositioormethods[SLBJ03 and [SAD 06¢]. In-
steadof usingtheeye trackingdata,we usethe samesalience
mapto run the algorithmof [SAD 06] asusedin the other
approachesNote that these methodshave been designed
to maximize other scores:[SLBJO3 maximizesthe crop's

¢ 2009TheAuthor(s)
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salieny, and[SAD 06] maximizescontentareaandfeatures.
Also note that thesemethodsare con ned to simple crop-
ping. As canbe seenin Figure 11, the methodof [SAD 06]
doesnot produceparticularly aestheticesults. The method
of [SLBJOJ producesomeavhatsimplerimagesandaimsto
createthumbnailimagesthatare easilyrecognizableTo pre-
ventabiasin theresultsdueto selectionof theinputimages,
we madesureto includemary casuaimagesandtheimages
of the Berkeley SeggmentatiorBenchmar{ MFTMO1] in our
experiments.The resultsare provided in the supplementary
material. While nomethodcanrecoverfrom avery poorinput
compositiona goodsystemis expectedto eithercreatea no-
ticeablybettercompositionor to keepthe input composition
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Figure9: Aestheticompositiorresultsusingdifferentguide-
lines.Upperrow: (a) theoriginal image; (b) the composition
resultusingtheguidelineof rule of thirds; (¢) thecomposition
resultusingtheguidelineof rule of thirdsanddiagonaldomi-

nance Lowerrow: (a) theoriginal image; (b) thecomposition
resultusingtheguidelineof rule of thirds; (¢) thecomposition
resultusingthe guidelineof rule of thirdsandvisual balance

Herewsz = 0 to seehowthe othercompositiorruleswork.
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Figure 10: (a) Aestheticscoe histogramsfor three setsof
photaraphs: red bars showthe resultsof professional-lgel
photos;green— goodphotos;blue— casualphotos.(b) Same
for thematding optimizedmages.

moreor lessthe same.As shavn in the results,our method
is robustin thatsensegseethe comparisorwith [SAD 0€] in
the supplementarynaterial).

The crop-and-retayetoperatoitypically resultsin azoom-
in effect. For someimages,havever, the most aesthetiae-
sult is obtainedby capturinga larger zoomed-outframe. If
the backgrounds simple,we canusetexture synthesior in-
paintingtechniqueso enlagetheimageprior to applyingour
technigue Figure 12 containstwo suchexampleswherethe
imageswere extendedusing Photoshogs Clone Stamptool.
Indeed the mostaesthetiorersionsof theseexampleshave a
framelargerthanthe original one.

The same“zoom-out” techniquecan also be usedto ob-
jectively validate our performanceWe have collecteda test
setof professionaphotographandextendedheir contentoy
meansof texture-synthesisWe then applied our methodto
thephotographsAs canbeseenn Figure13(a-b),therecom-
posedphotographis generallysimilar to the original photo-
graph.In oneoutof thetentests(Figure13(c)) thenew image
wasconsiderablyifferent.

Our algorithmtakes0.14-0.18secto optimizethe compo-

@
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©

Figure 12: For somemages,thebestaesthetiaesultsare ob-
tainedby zoomingout. While zoomingout is not possiblefor
all images,for somamagestexture-synthesignablesud an
effect. (&) Theoriginal images; (b) Enlarged images by ap-
plying a texture synthesigechnique;(c) theresultsgeneated
by applyingour techniqueon (b); (d) the aestheticscoes of
(a),(b),and(c), respectively

sitionaphotoof size1024 768if we only allow croppingin
the searchinglf we incorporateretagetingoperatorit takes
2-14sec.

User study To further evaluate the performanceof our
method we have conductedhreeuserstudies The rst com-
paredviewers' assessmertf the aesthetiappealof our ap-
proach and gaze-basedropping approach[SAD 06]. We
have generateda set of 30 triples of images;one original,
onecrop generatedy [SAD 06], andonegeneratedy our
approachEachsubjectwas asled to selectthe bestlooking
imageout of eachtriple. The seconduserstudyinvolved ex-
aminingwhetherour optimizedresultsarecompetitve to the
crops by a professionalphotographerFor a set of 30 im-
agestheskilled photographecroppeda “bestlooking” crops
for eachimageby handin PhotoshopThe optimizedimages
weregeneratedisingourapproachEachsubjectwasasledto
selectwhetheroneimagelooks muchbetterthanthe otheror
whether‘the two imageslook similar”. The third userstudy
aimedto assesghe performanceof our method.This time,
the subjectswere rst taughtsomebasiccompositionguide-
linesasshavnin Sectiond4.1.0Onceagain,30 pairsof original
imageandoptimizedimagewere shavn to eachsubjectwho
was asled which betteradherego the guidelines.In all the

¢ 2009TheAuthor(s)
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Figure 11: Comparisorwith the previousappoades.(a) Theoriginal images; (b) the resultsof our appmoad; (c) theresults
of Santellaetal's approad [2006]; (d) theresultsof Suhetal:s[2003]. Notethatline-basednformationplaysa crucial role

in photocompositiorandignoring it leadsto inferior results.
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Figure 13: Upper left: the original images; Bottom:the ex-
tendedimagesby PhotoshopUpperright: optimizedimages
from the extendedimages. Note that the recomposedmage
is typically very similar to the original image, which means
that our methods ableto identifythe aesthetiaqquality of the
original image. Theoriginal phot@raphswere takenby well-
known phota@raphes (a) JacquelineRobertsand (b) Yann
Arthus-Bertand. Thenumbes indicatethe aestheticscoes.

studiesthe testimagesarerandomlychosenandthe images
in eachpair or triple areshavn side by side (randomorder)
ona19-inchCRT. A total of 56 subjectsachparticipatedn
thethreesetsof experimentswhichtook about20 minuteson
averageThesubjectaaremalesandfemaleshetweertheages
of 21and55. 7 subjecthave muchphotographyor artexperi-
ence,33 subjectshave a few knowledgeof photographyand
the othersalmostknow nothingaboutphotography

In the rst study the percentage®f the selectedorigi-
nalimagestheresultsof gaze-basedhethod,andthe results
of our methodare 19:6%; 36:3% and 44:1%, respectiely. It
shaws a cleartendeng toward the recomposedmagesusing
ourapproach.
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In thesecondstudy the percentagesf theselectedinswers
of "hand-croppedmage","similar”, and "optimizedimage"
are 15:2%,; 81:8% and 3:0%, respectiely. It shavs that the
optimizedimagesgeneratedy our approactarecloseto the
professionatrops.

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

Limitations Professionaphotographslo notnecessarilyuse
the prede ned aestheticguidelines,and often choseto dis-
obey them.Our techniqueollows the guidelineswithout dis-
cretionanddoesnotapplyinspirationor creatvity. Moreover,

our method similarly to any methodthatmodi es therelative
locationsof imageparts,may changerelative sizesandpro-
portionswithin the imagesuchthatthe imagesemanticsare
altered.For someimages the salientregions detectionalgo-
rithm doesnot detectall salientregions.We thereforeapplied
thisalgorithmin a semi-automati€ashionandaugmentedhe
list of salientregions.This wasdonefor theimagesin Figure
8(c),(d). As theimagesarewarpedin the retageting, distor

tion onthesalientobjectsmightbenoticeablen someresults.

6. Conclusionand Futur e Work

We demonstratéhataestheticeanbeevaluatedcomputation-
ally with high enoughaccurag to be useful. This opensa
new avenuefor variousapplicationsto be enhancedy the
ability to automaticallyassignaestheticscoresFor example,
aesthetiaviews of 3D modelscanbeidenti ed andappealing
logoscanbegeneratedjivena setof userrequirements.

As a rst suchapplicationwe proposethe ability to auto-
matically recomposémages.and shav that by optimizing a
setof only four parametersve are able to generateecom-
posedimagesthat are notably more aestheticFutureefforts
for therecomposingpplication,canfocuson improving the
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aestheticscore.We would like to explore the possibility of
improving the salient-rgion detectionmethodby meansof
computational-learningndto addcolorbasedtonsiderations
to the scoreenablingthe automaticaugmentatiorof the col-
orsin theimage.Aestheticsperceptionis alsoin uenced by
the structureof the underlyingscene andwe would like to
explore addingthis andsemantianformationto theanalysis.
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