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ABSTRACT

In this paper, weproposea setof humanperceptualcuesused
jointly to automaticallydetectimage orientation. Thecuesused
are: orientation of faces,position of the sky, brighter regions,
and textured objects,and symmetry. We combinethesecuesin
a Bayesianframework, and the photoacquiring modelhasbeen
consideredcarefully astheprior knowledge of theimage orienta-
tion. Resultson more thana thousanddifferent imagesprovidea
compellingargumentthatour approach is a viableone.

1.. INTRODUCTION

With theincreasingpopularityof personalimagingdevicessuchas
cameras,scanners,digital cameras,andmorerecently, mobilede-
viceswith imagingcapabilities,managingcapturedimagesis fast
becominganimportantissuethatneedsto beaddressed.Because
imagescan be capturedat any orientation,having an automatic
orientationdetectorwouldbeaveryusefultool in any imageman-
agementsystem.Any imageshown canhave theoptionof being
prewarpedto an upright orientationfor viewing. In addition to
imagemanagementsystems,the techniquefor automaticorienta-
tion detectionwouldalsobeveryusefulfor otherapplicationsthat
involveobjectdetectionandcontent-basedimageretrieval.

Imageorientationadjustmentis usuallydonemanually. Most
of therelatedprior work describealgorithmsthatdetecttheorien-
tationof documents[1] andmedicalimages[2]. An algorithmfor
automaticimageorientationdetectionusinga Bayesianlearning
framework waspresentedin [3, 4]. This algorithmis basedon a
trainingsetwith 1,995imagesamples,andthefeaturesfor classi-
�cation arethespatialcolor moments.SVM [5] andboosting[6]
basedalgorithmswereproposedaswell. All thesealgorithmswere
basedon a learningandclusteringframework, andassumedthat
theimageorientationcanonly be0� , 90� , 180� , or 270� .

Our approachdoesnot imposesuchangularrestrictions. We
approachtheorientationdetectionproblemby consideringhuman
perceptualprocesses,ratherthanlearningfeaturesandclassi�ca-
tions independentlyof suchconsiderations.Humanscan easily
perceive theorientationof animage[7, 8]. A humantendsto �nd
prior knowledgeascuesto determineimageorientation,suchas
orientationof a humanface,depthcues,textures,andrelative po-
sitionsof sky andground.

Although thesecuesare typically not suf�cient in isolation
(andthefactthatsomeof thecuesmaybemissing),theintegration
of all thesecuescanprovide considerablymoreaccurateorienta-
tion for a lot of imageswith a full rangeof rotation from 0� to
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360� . While the integrationcouldbea simplevoting for orienta-
tion,weuseBayesianinferencehereto combinetheoutputsof dif-
ferenthumanperceptualcues.Thephotoacquiringmodel,which
is thehuman's behaviour for takingor scanningphotos,hasbeen
consideredcarefully in this framework astheprior knowledgeof
theimageorientation.

The rest of the paperis organizedas follows. In Section2,
we discussthe variousvisual perceptualcuesusedin our formu-
lation. They are:orientationof faces,positionof thesky, brighter
regions,texturedobjects,andsymmetry. This is followedby ade-
scriptionof how thesecuesareintegratedin aBayesianframework
(Section3). We show resultsof experimentsin Section4, discuss
relevant issuesin Section5, and provide concludingremarksin
Section6.

2.. HUMAN PERCEPTION CUES

Givenanimage,ahumantendsto extractrelevantperceptualcues
to infer theorientationof the image.Thesecuescanbetypically
classi�edinto threecategories:

1. Objects with distinguishableorientation, such as human
faces,humanbodies, trees,animalsand somewritten or
printedcharacters;

2. Objectswith ausually�x edposition,for example,thesky is
usuallyon thetop,while thegroundis usuallyat thebottom;

3. Low level features,suchaslight, texture,symmetry, edges,
andsegments.As anexample,brighterthingsareconsidered
to be up, while a larger segmentis assumedto be below a
smalleronefor structuralstability.

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

In this section,we investigate someof the cuesmentioned
above, which cover all threecategories. For a given image,we
use � to denoteits orientation. The clockwiseorientationfor
the correct“up” imageis 0� . Assumingwe have n cues,if �
is given,wecanevaluatethelikelihoodof theimage(observation)
for cueCi underthegivenorientation� = � . We denoteit with
P(Ci j�) ; (i = 1; � � � ; n).

2.1. Human Faces

Humanfaceshaveaverydistinguishableorientation,aswell asde-
tectable.Many methodshave beenproposedto detectfacesin an
image. Here,analgorithmbasedon both templatematchingand
supportvectormachineis usedfor facedetection[9]. Any reli-
ablefacedetectionalgorithmcanbeused;evenif it is not rotation



invariant,agoodalgorithmis usuallytolerantof someslop.Wero-
tatetheimageto varioushypothesizedorientationsandthensearch
only for upright faces.For eachorientation,theoutputof theal-
gorithm is the maximumreliability of the facesdetected. This
distribution is regardedasthe likelihoodof the imageorientation
wrt humanfaces.Thereliability is between0 and1. Thedistribu-
tion of reliability is normalizedto representP (C1 j�) , asshown
in Figure1.

0 30 60 90 120 150 180 210 240 270 300 330 360
0

0.005

0.01

0.015

0.02

0.025

0.03

Q 

P(C
1
|Q) 

Fig. 1. Samplefor face:Left: Original image;Right: Distribution
for P (C1 j�) .

2.2. Sky

In imagesthat involve thesky, thesky is usuallyon top. As a re-
sult, the locationof sky canbe usedto determinethe orientation
of animage.Vailaya[10] usedcolor, textureandpositionto train
aclassi�er for thesky. In ourcase,sincepositionis highly related
with theimageorientation,weonly usethecolorandtexture.Two
additionalassumptionsaremadeto decreasethe falsedetection:
1. Sky regionsareconnected;2. Sky regionsmustextendto some
edgeof the image,i.e., sky regionsshouldnot be surroundedby
non-sky regions. Theseassumptionsarereasonablefor mostim-
ageswith sky.

After thesky areais detected,agivenimageorientationis vali-
datedby projectingsky andnon-sky areapointsto theorientation,
andevaluatinghow much the sky areapoints is on top. This is
doneby calculating

Esk y =
X

allpoints

Sp � H p

1 + � S p
;

whereSp = 1 if thepoint is belongto sky, andSp = 0 otherwise.
H p is theheightof thepoint,which is thepoint'sprojectiononthe
orientation.� S p is thevariancefor Spswithin thesameheight.As
aresult,Esk y will bemaximumwhenall thesky pointsareon the
topwithoutnon-sky pointsat thesameheight.WhenE sk y � 0, it
is setto averysmall� . P (C2 j�) = Esk y afternormalization.An
exampleis shown in Figure2.

2.3. Light

Humanstendto perceive brighterpartsof theimageto beon top.
This is easyto understandif we notice that naturallymost light
sourcescomefrom above, suchassunlight,moonlightandlight
�xtures. Thismotivatesusto evaluatethelikelihoodof orientation
by examininghow muchthe brighterpartsareon the top. This
is our third cue: P (C3 j�) . Similar to the sky cue,P (C3 j�) is
calculatedby normalizing

E lig ht =
X

allpoints

I p � H p

1 + � I p
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Fig. 2. Imagewith sky example. Left: Original image; Right:
Distribution for P (C2 j�) .

whereI p is theintensityof thepoint representedby its grayscale,
H p is theheightof thepoint representedby its projectionon the
orientation,� I p is thevarianceof theI ps within thesameheight.
Figure3 showsanexamplewherethiscuepredominates.
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Fig. 3. Samplefor darkandbright: Left : Original image;Right :
Distribution for P (C3 j�) .

2.4. Texture

Anothercharacteristicof humanperceptionis that texturedareas
areusuallyregardedto beat thelower partof theimage.Justlike
sky for outdoorimagesandceiling for indoorimages,this behav-
ior is expectedbecauseof gravity. As it is much easierto stay
on the groundthan to �oat in the sky, the part nearthe ground,
usuallycorrespondingto thelower partof theimage,tendto have
morevarietyof objects.Sothetextureis anothercuefor inferring
the imageorientationsuchassky andlight. Herethe classicco-
occurrencematrices[11] areusedto describethetexturedlevel of
a point. ThetexturecueP(C4 j�) is thencomputedby normaliz-
ing

E textur e =
X

allpoints

Tp � H p

1 + � T p

whereTp is thetexturemeasurementfor thepoint,H p is theheight
of the point representedby its projectionon the orientation,� T p

is thevarianceof theTps within thesameheight. Tp is larger for
texturelessarea.An examplefor texturecueis shown in Figure4.

Theevaluationswith sky, light andtexturearevery similar. In
fact,they have a uniform physicalexplanation.Whenwe hangup
anobject,theobjectrotatesautomaticallyto theorientationdeter-
minedby the hangingpoint andthe gravity centerof the object.
Herewe take differentcuesasthe weight, andthe calculationis
just similar to computingthe gravity centerwrt the cue. In this
waywecantell theright orientationusingthegravity center.
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Fig. 4. Samplefor texture: Left : Original image;Right : Distri-
bution for P (C4 j�) .

2.5. Symmetry

Many natural and man-madethings are symmetric. Although
someof themhave multiple axesof symmetry, objects(suchas
humanfaces,humanbodies,houses,and trees)which often ap-
pearin animageusuallyhaveonly onesymmetryaxesalongtheir
uprightorientation.In addition,peoplealsoinherentlytendto in-
terprettheimagesymmetrically. Thiscuecanalsobeusedto infer
the orientationof an image. For eachassumedorientation,we
scanthe symmetryaxis along the orientation,and for eachaxis
calculatethe “symmetricdistance.” The “symmetricdistance”is
de�ned asthe sumof squaredintensitydistancefor pointssym-
metrically neighbouringthe axis within a window. All the sym-
metricdistancesarethenaddedup andnormalizedto evaluatethe
likelihoodbetweentheimagesymmetryandtheorientation.This
is P (C5 j�) , with anexampleshown in Figure5. Obviously, this
cuecannottell thedifferencebetween0� and180� ; thisambiguity
canberesolvedusingothercues.
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Fig. 5. Samplefor symmetry:Left : Original image;Right : Dis-
tribution for P (C5 j�) .

All the cuesabove areobviously not absolutelyright, nor ex-
haustive. Naturalimagesaresovariedthateachof thecuesmay
fail in isolation.We integratetheoutputsof all thesecuesbecause
it is muchlesslikely that all thesecueswill fail simultaneously,
thusproviding adegreeof robustnessagainstnoiseandimagevari-
ation.

3.. BAYESIAN INTEGRATION

Whenmultiple cuesareapplied,the inferenceproblemis to �nd
thebestorientationthathave maximumlikelihoodwith thecues.
Assumingconditionalindependency, wehave

� = arg max
�

P(� jC1 ; C2 ; � � � ; C5)

= arg max
�

P(C1 j�) P (C2 j�) � � � P (C5 j�) P (�)

It is interestingto notethattheroleof P (�) in theequation.It can
beregardedasthecuefrom cameramodel,which is thehuman's
behavior for takingor scanningphotos.Usually, photosaretaken
in anuprightorientation,andsometimestheorientationsare90�

or 270� . Theorientationmaybeoff by a few degreesfrom these
threetypical directions.Thepossibilitiesfor theotherdegreesare
quitesmall.Likeproductionmodelhasbeenwidely usedin video
analysis,photoacquiringmodelis alsoquiteusefulfor imageori-
entationdetection.Thedistribution is givenempirically, asshown
in Figure6.
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Fig. 6. Priordistribution for imageorientations(e.g.,P (�) ).

4.. EXPERIMENTS

1287 imageswere usedto evaluatethe system. Theseimages
are collectedfrom personalalbums taken by digital camerasor
scannedfrom photos.As a result,theseimagesarehighly varied.

Table1 showstheresultsusingdifferentcuesandtheBayesian
integration.Theestimatedorientationis regardedto becorrectfor
the 360� caseif it is within 3� of the groundtruth. For the four
directionscase,estimatedorientationisapproximatedto itsnearest
neighborin f 0� ; 90� ; 180� ; 270� g. It is clearthathigh-level cues
suchasfacesandthe sky aremoreaccurateandstable,but they
arelimited to imagesthat includethem. Figure7 shows someof
the successfulexamples,while someof the imageswe failed are
shown in Figure8. Note that all the resultsareobtainedwithout
any complicatedtraining.

Cue 360degrees(%) 4 directions(%)
Face 92.9 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 differentcuesandBayesianintegra-
tion. Thegroundtruthof right orientationis givenby human.Note
thatthedetectionratesfor faceandsky arecalculatedaccordingto
imageswith facesandsky separately.

Fromtheresultsabovewecanseethattheideaof usinghuman
perceptualcuesto detecttheimageorientationis apowerful one.



Fig. 7. Imageswhoseorientationis correctlydetected.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: 0� ,
RightBottom: 109� .

5.. DISCUSSION

Futureimprovementis obviously necessary, includingdeveloping
new cuesaswell asimproving thedetectionratefor existingcues.
We are trying to make somecomparisonwith existing learning
basedimageorientationdetectionalgorithms,aswell asto incor-
poratesomelearningfactorsto improve the performanceof our
algorithm. We may alsoextendthe ideausedhereto a solid hu-
manperceptiontheory.

Eachcue hasits own limitation. When an imageis abouta
close-upof a�o weror somesimpleobject,or it is somethingartis-
tic, all thecuesabove mayfail. In factit is hardevenfor a human
to tell the correctorientation. Herewe mainly focuson images
andphotostakenin daily life. This is encouragedby Chang's [12]
commentsaboutmultimediaretrieval, i.e., researchwork should

bedonefor datasetswith largequantitiesbut low unit price.That
is why wedesignoursystemto work for imagestakenin everyday
life.

6.. CONCLUSIONS

Imageorientationdetectionis usefulfor objectdetection,content
basedretrieval, andimagedatabasemanagement.Cuesmotivated
by humanperceptionsare proposedand integratedby Bayesian
inferenceto detecttheorientationof animage.Without any com-
plicatedtraining,theproposedmethodhasachieveda high orien-
tation detectionratefor a large numberof real images.This is a
compellingevidencethatour techniqueis agoodone.
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