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ABSTRACT

In this paper we proposea setof humanperceptualcuesused
jointly to automaticallydetectimage orientation. The cuesused
are: orientation of faces, position of the sky, brighter regions,
and textured objects,and symmetry We combinethesecuesin
a Bayesianframavork, and the photo acquiring modelhasbeen
consideed carefully asthe prior knowled@ of the image orienta-
tion. Resultson more than a thousanddifferentimagesprovide a
compellingargumenthat our approad is a viableone

1. INTRODUCTION

With theincreasingpopularityof personalmagingdevicessuchas
camerasscannersgigital camerasandmorerecently mobile de-
viceswith imagingcapabilitiesmanagingcapturedmagesis fast
becominganimportantissuethatneedgo be addressedBecause
imagescan be capturedat ary orientation,having an automatic
orientationdetectomvould beavery usefultool in ary imageman-
agemensystem.Any imageshavn canhave the option of being
prevarpedto an upright orientationfor viewing. In additionto
imagemanagemengystemsthe techniquefor automaticorienta-
tion detectiorwould alsobevery usefulfor otherapplicationghat
involve objectdetectionandcontent-basetmageretrieval.

Imageorientationadjustmenis usuallydonemanually Most
of therelatedprior work describealgorithmsthatdetecttheorien-
tationof documentg1] andmedicalimageg?2]. An algorithmfor
automaticimage orientationdetectionusing a Bayesianlearning
framevork waspresentedn [3, 4]. This algorithmis basedon a
training setwith 1,995imagesamplesandthe featuredor classi-

cation arethe spatialcolor moments.SVM [5] andboosting[6]
basedilgorithmswereproposedswell. All thesealgorithmswere
basedon a learningand clusteringframewvork, and assumedhat
theimageorientationcanonly be0 , 90 , 180 , or 270 .

Our approachdoesnot imposesuchangularrestrictions. We
approactthe orientationdetectionproblemby considerinchuman
perceptuaprocessesatherthanlearningfeaturesandclassi ca-
tions independentlyof suchconsiderations.Humanscan easily
perceve the orientationof animage([7, 8]. A humantendsto nd
prior knowledgeas cuesto determineimageorientation,suchas
orientationof a humanface,depthcues textures,andrelative po-
sitionsof sky andground.

Although thesecuesare typically not sufcient in isolation
(andthefactthatsomeof thecuesmaybemissing) theintegration
of all thesecuescanpraovide considerablymoreaccurateorienta-
tion for a lot of imageswith a full rangeof rotationfrom 0 to
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360 . While theintegrationcould be a simplevoting for orienta-
tion, we useBayesiarinferencehereto combinetheoutputsof dif-

ferenthumanperceptuatues.The photoacquiringmodel,which
is the humans behaiour for taking or scanningohotos,hasbeen
considerectarefully in this framework asthe prior knowvledgeof
theimageorientation.

The restof the paperis organizedas follows. In Section2,
we discussthe variousvisual perceptuatuesusedin our formu-
lation. They are: orientationof faces positionof the sky, brighter
regions,texturedobjectsandsymmetry This s followedby ade-
scriptionof how thesecuesareintegratedn aBayesiarframevork
(Section3). We shaw resultsof experimentsn Section4, discuss
relevant issuesin Section5, and provide concludingremarksin
Section6.

2. HUMAN PERCEPTION CUES

Givenanimage,ahumantendsto extractrelevantperceptuatues
to infer the orientationof the image. Thesecuescanbe typically
classi edinto threecateyories:

1. Objects with distinguishableorientation, such as human
faces,humanbodies, trees, animals and some written or
printedcharacters;

2. Objectswith ausually x edposition,for example thesky is
usuallyonthetop, while thegroundis usuallyatthebottom;

3. Low level featuressuchaslight, texture, symmetry edges,
andsgyments As anexample brighterthingsareconsidered
to be up, while a larger segmentis assumedo be belov a
smalleronefor structuralstability.

The rst two cateyoriesarecalled high-level cues,sincethey are
relatedto high-level semantics.

In this section, we investigate some of the cuesmentioned
above, which cover all three categories. For a given image,we
use to denoteits orientation. The clockwise orientationfor
the correct“up” imageis 0 . Assumingwe have n cues,if
is given,we canevaluatethelik elihoodof theimage(obsenation)
for cueC; underthegivenorientation = . We denoteit with
P(Cij) ;(i=1; ;n).

2.1. Human Faces

Humanfaceshave averydistinguishabl@rientation aswell asde-
tectable.Many methodshave beenproposedo detectfacesin an
image. Here,an algorithmbasedon both templatematchingand
supportvector machineis usedfor facedetection[9]. Any reli-
ablefacedetectiomalgorithmcanbe used;evenif it is notrotation



invariant,agoodalgorithmis usuallytolerantof someslop. Wero-
tatetheimageto varioushypothesizearientationsandthensearch
only for uprightfaces.For eachorientation,the outputof the al-
gorithm is the maximumreliability of the facesdetected. This
distribution is regardedasthe likelihood of theimageorientation
wrt humanfaces.Thereliability is betweerD and1. Thedistribu-
tion of reliability is normalizedto represenP (C,j ) , asshavn
in Figurel.
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Fig. 1. Samplefor face:Left: Originalimage;Right: Distribution
forP(C4j) .

2.2. Sky

In imagesthatinvolve the sky, the sky is usuallyon top. As are-
sult, the location of sky canbe usedto determinethe orientation
of animage. Vailaya[10] usedcolor, texture andpositionto train
aclassi erfor thesky. In our case sincepositionis highly related
with theimageorientationwe only usethe color andtexture. Two
additionalassumptiongre madeto decreasehe falsedetection:
1. Sky regionsareconnected2. Sky regionsmustextendto some
edgeof theimage,i.e., sky regionsshouldnot be surroundedy
non-sk/ regions. Theseassumptionsire reasonabléor mostim-
ageswith sky.

After thesky areais detecteda givenimageorientationis vali-
datedby projectingsky andnon-sky areapointsto theorientation,
and evaluatinghow muchthe sky areapointsis on top. This is
doneby calculating

X Sp Hp.

Esky - . 1+ Sp7
allpoints

whereS, = 1if thepointis belongto sky, andS, = 0 otherwise.
H, is theheightof thepoint, whichis the point's projectiononthe
orientation. s, isthevariancefor S, swithin thesameheight.As
aresult,Escy will bemaximumwhenall thesky pointsareonthe
topwithoutnon-sky pointsatthesameheight. WhenEsy 0, it
issettoaverysmall . P(C2j) = Esy afternormalization.An
exampleis shovn in Figure2.

2.3. Light

Humanstendto perceve brighterpartsof theimageto be ontop.
This is easyto understandf we notice that naturally mostlight
sourcescomefrom above, suchas sunlight, moonlightand light
xtures. This motivatesusto evaluatethelik elihoodof orientation
by examining how muchthe brighter partsare on the top. This
is our third cue: P(C3j) . Similar to the sky cue,P(C3sj) is
calculatedby normalizing

X lp Hp

Eign = 1+
p

allpoints
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Fig. 2. Imagewith sky example. Left: Original image; Right:
Distributionfor P(C2j ) .

wherel , is theintensityof thepointrepresentedly its grayscale,
Hp is the heightof the point representedy its projectionon the
orientation, | is thevarianceof thel,s within the sameheight.
Figure3 shavs anexamplewherethis cuepredominates.
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Fig. 3. Samplefor darkandbright: Left : Originalimage;Right:
Distributionfor P(Csj ) .

2.4. Texture

Anothercharacteristiof humanperceptionis thattexturedareas
areusuallyregardedto be at the lower partof theimage.Justlike
sky for outdoorimagesandceiling for indoorimagesthis beha-
ior is expectedbecauseof gravity. As it is much easierto stay
on the groundthanto oat in the sky, the part nearthe ground,
usuallycorrespondingo the lower partof theimage,tendto have
morevariety of objects.Sothetextureis anothercuefor inferring
theimageorientationsuchassky andlight. Herethe classicco-
occurrencenmatriceg11] areusedto describethetexturedlevel of
apoint. ThetexturecueP (C4j ) isthencomputecby normaliz-
ing
E — X Tp H p
textur e — ﬁ

allpoints

whereT,, is thetexturemeasuremerior thepoint,H , is theheight
of the point representedy its projectionon the orientation, p

is thevarianceof the Ty s within the sameheight. T, is largerfor
texturelessarea.An examplefor texture cueis shavn in Figure4.

The evaluationswith sky, light andtexture arevery similar. In

fact,they have a uniform physical explanation.Whenwe hangup
anobject,the objectrotatesautomaticallyto the orientationdeter

mined by the hangingpoint andthe gravity centerof the object.
Herewe take differentcuesasthe weight, andthe calculationis
just similar to computingthe gravity centerwrt the cue. In this
way we cantell theright orientationusingthe gravity center
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Fig. 4. Samplefor texture: Left : Originalimage;Right: Distri-
butionfor P(C4j) .

2.5. Symmetry

Many natural and man-madethings are symmetric. Although
someof them have multiple axes of symmetry objects(suchas
humanfaces,humanbodies,houses and trees)which often ap-
pearin animageusuallyhave only onesymmetryaxesalongtheir
uprightorientation.In addition,peoplealsoinherentlytendto in-
terprettheimagesymmetrically This cuecanalsobeusedto infer
the orientationof an image. For eachassumedrientation,we
scanthe symmetryaxis along the orientation,and for eachaxis
calculatethe “symmetricdistance. The “symmetricdistance”is
de ned asthe sumof squaredntensity distancefor points sym-
metrically neighbouringthe axis within a window. All the sym-
metricdistancearethenaddedup andnormalizedio evaluatethe
likelihoodbetweertheimagesymmetryandthe orientation.This
is P(Csj) , with anexampleshavn in Figure5. Obviously, this
cuecannottell thedifferencebetweerd and180 ; thisambiguity
canberesohedusingothercues.
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Fig. 5. Samplefor symmetry:Left : Originalimage;Right: Dis-
tributionfor P (Csj ) .

All the cuesabove are olviously not absolutelyright, nor ex-
haustve. Naturalimagesare so variedthateachof the cuesmay
fail in isolation.We integratethe outputsof all thesecuesbecause
it is muchlesslikely thatall thesecueswill fail simultaneously
thusproviding adegreeof robustnessgainstnoiseandimagevari-
ation.

3. BAYESIAN INTEGRATION

Whenmultiple cuesare applied,the inferenceproblemis to nd
the bestorientationthat have maximumlik elihoodwith the cues.
Assumingconditionalindependeng we have

argmaxP( jC1;Cz; ;Cs)

= argmaxP(Cij) P(Czj) P(Csj) P()

It isinterestingo notethattheroleof P () intheequationlt can
be regardedasthe cuefrom cameramodel,which is the humans
behavior for taking or scanningohotos.Usually, photosaretaken
in an upright orientation,andsometimeghe orientationsare 90
or 270 . Theorientationmay be off by a few degreesfrom these
threetypical directions.The possibilitiesfor the otherdegreesare
quitesmall. Like productionmodelhasbeenwidely usedin video
analysis photoacquiringmodelis alsoquite usefulfor imageori-
entationdetection.Thedistributionis givenempirically asshovn
in Figure6.
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Fig. 6. Prior distribution for imageorientationge.g.,P () ).

4. EXPERIMENTS

1287 imageswere usedto evaluatethe system. Theseimages
are collectedfrom personalalbums taken by digital camerasor
scannedrom photos.As aresult,theseimagesarehighly varied.

Tablel shavstheresultsusingdifferentcuesandthe Bayesian
integration. The estimatedrientationis regardedto be correctfor
the 360 caseif it is within 3 of the groundtruth. For the four
directionscase gstimatedrientationis approximatedo its nearest
neighborin f0 ;90 ;180 ;270 g. It is clearthathigh-level cues
suchasfacesandthe sky are moreaccurateand stable,but they
arelimited to imagesthatincludethem. Figure 7 shovs someof
the successfubxamples,while someof theimageswe failed are
shawn in Figure8. Notethatall the resultsare obtainedwithout
ary complicatedraining.

Cue 360degreeq(%) | 4 directions(%)
Face 929 94.5
Sky 90.1 92.2
Light 82.1 84.9
Texture 81.3 84.0
Symmetry 87.5 89.3
Integrated 92.6 94.1

Table 1. Detectionratewith differentcuesandBayesianntegra-
tion. Thegroundtruth of right orientationis givenby human.Note
thatthedetectiorratesfor faceandsky arecalculatecaccordingo
imageswith facesandsky separately

Fromtheresultsabose we canseethattheideaof usinghuman
perceptuatuesto detecttheimageorientationis a powerful one.



Fig. 7. Imageswhoseorientationis correctly detected.Detected
orientation: Left Top: 90 , Right Top: 0 , Left Bottom: 356 ,
RightBottom: 0 .

Fig. 8. Imageswhoseorientationis incorrectlydetected Detected
orientation: Left Top: 260 , Right Top: 90 , Left Bottom: O ,
Right Bottom: 109 .

5. DISCUSSION

Futureimprovementis ohviously necessaryincluding developing
new cuesaswell asimproving the detectiorratefor existing cues.
We are trying to make somecomparisorwith existing learning
basedmageorientationdetectionalgorithms,aswell asto incor
poratesomelearningfactorsto improve the performanceof our
algorithm. We may alsoextendthe ideausedhereto a solid hu-
manperceptiortheory

Eachcue hasits own limitation. When animageis abouta
close-upof a 0 weror somesimpleobject,orit is somethingartis-
tic, all thecuesabore mayfail. In factit is hardevenfor ahuman
to tell the correctorientation. Here we mainly focus on images
andphotostakenin daily life. Thisis encouragethy Changs[12]
commentsaboutmultimediaretrieval, i.e., researchwork should

be donefor datasetswith large quantitiesbut low unit price. That
is why we designour systemto work for imagegakenin everyday
life.

6. CONCLUSIONS

Imageorientationdetectionis usefulfor objectdetectioncontent
basedretrieval, andimagedatabasenanagementCuesmotivated
by humanperceptionsare proposedand integratedby Bayesian
inferenceto detectthe orientationof animage. Without ary com-
plicatedtraining, the proposednethodhasachieved a high orien-
tation detectionratefor a large numberof realimages. Thisis a
compellingevidencethatourtechniquds agoodone.
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