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Abstract

A majorobstaclein photography is thepresenceof distractingelementsthatpull attentionaway from themainsubject
andclutter the composition.In this article,we presenta new image-processingtechniquethat reducesthe salienceof dis-
tractingregions.It is motivatedby computationalmodelsof attentionthatpredictthattexturevariationin�uencesbottom-up
attentionmechanisms.Ourmethodreducesthespatialvariationof textureusingpowermaps,high-orderfeaturesdescribing
local frequency contentin animage.We show how modi�cation of power mapsresultsin powerful imagede-emphasis.We
validateour resultsusingausersearchexperimentandeye trackingdata.
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1 Intr oduction

A majorobstaclein photography is thepresenceof distractingelementsthatpull attentionaway from themainsubjectand
clutterthecomposition.Much of theart of photography involvesdirectingtheviewer's attentionto or away from regionsof
animage.Photographershavedevelopedavarietyof post-processingtechniques,bothin thedarkroomandon thecomputer,
to reducethesalienceof distractingelementsby alteringlow-level featuresto which thehumanvisualsystemis particularly
attuned:sharpness,brightness,chromaticity, or saturation.

Surprisingly, thereis one low-level featurethat cannotbe directly manipulatedwith existing image-editingsoftware:
texture variation. From a perceptualstandpoint,variationsandoutliers in texture aresalientto the humanvisual system
[14, 5], and the humanand computervision literatureshow that discontinuitiesin texture can elicit an edgeperception
similar to thattriggeredby colordiscontinuities[1, 11, 20, 10].

We introducea new techniquefor selectively alteringtexture variationto reducethe salienceof an imageregion. In a
nutshell,we modify the region to make it look more like a uniform texture. Our methodis basedon perceptualmodels
of attentionthat hypothesizethat contrastin texture contributesto salience. We review the �lter -basedmodelof texture
discriminationand the computationalmodelsof visual attentionbasedon it (Section2) beforepresentingthe following
contributions.

Imagemanipulation with power maps. Higher-orderimagefeatureshave beenheavily usedin imageanalysis.For exam-
ple, power mapsencodethe local averageof the responseto oriented�lters. We show how power mapsprovide a
powerful representationfor manipulatingfrequency contentin animageWe introducea perceptually-motivatedtech-
niquefor selective manipulationof texturevariation.

Psychophysical study of textureand attention. Weconducttwo userstudiesasexperimentalvalidationof our technique's
effectiveness.Qualitative changesin user�xations on original andmodi�ed imagesareprovidedusinganeye tracker.
In addition,asearchexperimentshowsquantitatively thatapplyingour techniqueto distractorsdirectsviewerattention
towardunmodi�ed regions.
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(a) Input (b) Band-pass (c) Recti�ed (d) Low-pass (e)Log (f) High-pass (g) Exponent (h) Scaled

Figure1: Texturediscriminationandmanipulationin 1D. Band-pass�ltering theinputsignal(a)producesaresponse(b) which,averaged
over a small neighborhood,is zero. Recti�cation, in this casefull-wave, is necessary(c). Poolingthe recti�ed responsecaptureslocal
frequency content(d). Converting to log-space(e) allows multiplicative rather than additive operations. The high-passresponse(f)
capturesglobal texture variationand,converting backto linear-space(g), is usedto scalethe bandpassresponseBecausethe goal is to
reducevariation,anegativemultipleof thehigh-passis usedasthescalefactor. Theresultingsignalhasbeeǹ �attened' (h).

2 Background

2.1 Texturesegmentationand discrimination

Texturediscriminationandtextureedgedetectionhasreceivedmuchattentionin computationalandhumanvision [1, 11, 10,
9]. Theseapproachescomputelocalvariationsin frequency contentto detecttextureedges.Mostapproachesroughlyfollow
Malik andPerona'sbiologically-inspiredmodel[11], illustratedwith a1D examplein Figure1. Theoverallprinciplefollows
thatof edgedetectionbut is appliedto local averagesof theresponsesto multiscale-oriented�lters ratherthanto theimage
intensity.

The �rst stageof most texture discriminationmodelsis linear �ltering with multi-scaleorientedGabor-like functions
(Figure1(b)). Becauseit is band-limited,theresponseto sucha�lter averagedoverasmallneighborhoodis usuallyzero;the
positive andnegative lobesof theresponsecanceleachother. Thesignalmustberecti�ed. Possiblenon-linearitiesinclude
full-waverecti�cation (absolutevalue)andenergy computation(squareresponse);theabsolutevalueis shown in Figure1(c).

Low-pass�ltering (or “pooling”) of this recti�ed responseproducesthe local averageof the �lter responsestrength;we
call this thepowermap(Figure1(d)). As suggestedby Northdurft [12], ananalysissimilar to intensityimagescanthenbe
performedon thesepowermapsateachscaleandorientation.

In addition to its applicationsin edgedetectionand imagesegmentation,this approachto texture discriminationhas
inspiredtexturesynthesismethodsthatmatchhistogramsof �lter responses[6]. Weshow how powermapscanbeappliedto
adifferentproblem:imagemanipulation.

2.2 Computational modelsof visual attention

Visual attentionis driven by a combinationof top-down andbottom-upprocesses.Top-down mechanismsdescribehow
attentionis in�uencedby scenesemanticsor thetask.Top-down processesareimportantto understandingattention,however,
in thispaper, we focuson imageprocessingtechniquesthatareindependentof content.

Bottom-upprocessesdescribetheeffectof low-level propertiesof visualstimuli onattention.A numberof in�uential com-
putationalmodelsof attentionhaveexplicitly identi�ed salientobjectsasstatisticaloutliersin low-level featuredistributions
[17, 15, 16]. Otherwell-known modelsimplicitly capturethesamebehavior [7].

Mostmodelsfocusontheresponseto �lter banksthatextractcontrastandorientationin theimage.Variousnon-linearities
canthenbeusedto extractandcombinemaximaof theresponseto eachfeature.These�r st-order saliencemodelscapture
low-level featuressuchascontrast,color, andorientation.Increasingor decreasingthepresenceof outliersor largevariations
in thefeaturedistribution for a region of the imageresultsin a respective increaseor decreasein thesalienceof theregion,
asexploitedby traditionalimageeditingtechniques[19, 13, 22].

Recently, ParkhurstandNiebur [14] presenteda saliency model that capturestexture variationin orderto explain psy-
chophysical experimentsby EinhäuserandKönig who reportedsalienceeffects that could not be explainedby �rst-order
models[3] . Their second-order modelperformsadditionalimageprocessingon the responseto a �rst-order �lter bank.
This effectively performsthesamecomputationas�rst-order modelsbut on whatwe call power mapsratherthanon image
intensity. This motivatesour strategy of performingimagemanipulationson power mapsin order to modify contrastin
texture.
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(a) Input (b) Band-passresponse (c) Full-wave recti�ed (d) Powermap

(e)Log space (f) High-passresponse (g) Scalingfactor (h) Scaledcoef�cients

Figure2: Texture discriminationandmanipulationin 2D. We considera singleband-passsubband(b) of the steerablepyramid of the
input image(a). The averageof (b) over a small neighborhood,is zero,so full-wave recti�cation is necessary(c). Poolingthe recti�ed
responseproducesthepower map(d), which captureslocal texturecontent.Convertingto log-space(e) allows multiplicative ratherthan
additive operations.Thehigh-passresponse(f) capturesglobal texturevariationand,convertingbackto linear-space(g), is usedto scale
thesubbandcoef�cients (h) to reducetexturevariation.

3 Textureequalization

We have reviewedhow theresponseto multiscaleoriented�lters canbeusedfor texturediscrimination.A plethoraof such
�lters hasbeendeveloped.In ourwork, weusesteerablepyramidsbecausethey permitstraightforwardanalysis,processing,
andreconstructionof images[4, 18].

Wehavedevelopedapost-processingtechniqueto de-emphasizedistractingregionsof aphotographby reducingcontrast
in texture. Informally, ourgoalis to invert theoutlier-basedcomputationalmodelof saliency to performtextureequalization.
Recallthatthismodelde�nessalientregionsasoutliersfrom thelocal featuredistribution. Our techniquemodi�es thepower
mapsdescribedin theprevioussectionto decreasespatialvariationof textureascapturedby theresponseto steerableoriented
�lters.
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3.1 Power mapsto capture local energy

We computepower mapsusingthetexture-discriminationapproachdescribedin Section2.1. Thelocal frequency contentis
computedusingsteerablepyramid,andapowermapis computedfor eachsubbands. Weillustratethestepsfor onesubband
in Figure2.

As discussedabove, thesubbandsareband-limitedandtheir localaverageis zero.Weperformafull-waverecti�cation to
correctthis, takingtheabsolutevaluesof thesteerablecoef�cients (Figure2(c)).

We next applya low-pass�lter with a Gaussiankernelgl to computethelocalaverageof theresponsemagnitude(Figure
2(d));wecall theresultingimagesl thepowermap.

sl = jsj 
 gl (1)

Wemustchooseavariances l for theGaussiankernelthatis largeenoughto blur theresponseoscillationbut smallenough
to selectively captureresponsevariations.We have foundthata valueof s l = 5 pixelsworkedconsistentlywell. Note that
thelow-pass�lter hasthesamesizefor eachsubband,Notethatthelow-pass�lter hasthesamesizeor eachsubband.Thus,
for coarserscalesthepowermapaveragesresponsesover a largerregionof theimage.

3.2 Log power manipulation

Becausethe computationof power mapsincludesan absolute-valuerectifying non-linearity, propagating modi�cations on
thepower mapto the imageis not straightforward. In particular, linear imageprocessingmayresultin negative valuesthat
are invalid power mapcoef�cients, sincethe power mapis computedfrom absolutevalues. While theseissuesarenot a
concernfor analysis,they arecrucialto considerfor imageediting.

This is why we chooseto performmultiplicative manipulation,scalingthe coef�cients ratherthanusingadditive arith-
metic.For this,we performall subsequentprocessingin thenaturallogarithmicdomainof thepower map(Figure2(e)).An
additive changeto thelog powermaptranslatesto amultiplicativechangeto theoriginal steerablepyramidcoef�cients.

3.3 Reducingglobal texturevariation

Thepowermapscapturelocalfrequency contentin theimage.Wenext performhigh-pass�ltering revealsthespatialvariation
sh of frequency contentover theimage(Figure2(f)). Recallthatthisvariationis de�ned for eachsubbands.

sh = ln(sl ) � (ln(sl ) 
 gh) (2)

We have experimentedwith differentvaluesof sh for the Gaussiankernelgh. In contrastto the low-passgl , the high-
pass�lter mustscalewith thesizeof thesubbandsuchthat if it is translatedto image-space,it is thesameat eachpyramid
level. We have foundthata valueof sh = 60 pixelsfor the�nest subbandworkedconsistentlywell. We have foundthatthe
techniqueis robustto thischoiceandthatthevalueof s h hasasmalleffecton the�nal output.

To reducetexturevariationin theimage,wemustremovesomeportionof thehigh frequenciesof thepowermaps,which
is a trivial image-processingoperation. However, we mustde�ne how a modi�cation of the power maptranslatesinto a
modi�cation of thepyramidcoef�cients. Recallthatweareworkingin thelog domainto performmultiplicativemodi�cation
to thepower mapandsteerable-pyramidcoef�cients. A subtractionon the log power mapcorrespondsto a division of the
linearcoef�cients (Figures1(g)and2(g)):

s0= se� ksh (3)

We have foundvaluesof k = 1,2,3to work well. In practice,at theboundarybetweenlow andhigh valuesof thepower
map,thehigh-passof thelog power mapgosfrom negative to positive values,which resultsin scalingup thecoef�cients on
thelow sideandscalingdown on theotherside(Figure1 (g) and(h)).

Clamping. Smoothregionscorrespondto zerovaluesof thepowermap.Whenthey areadjacentto highly-texturedregions,
they resultin extremelyhighvaluesof thehigh-frequency of thepowermapsh. As aresult,theappliedscalingfactoris large
andcanoverly enhancethesmallamountof noisepresentin thesmoothregion.

To avoid enhancingnoisepresentin theoriginalsubband,it is necessaryto clamptheisolatedextremevaluesin thescaling
(high-passresponse)map.In particular, it is importantto avoid amplifying isolatedextremevaluesin largeuniformregions.
To preventsuchartifacts,weuseasimplenon-linearityto clampextremevaluesto aspeci�edfractionof themaximum:
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s0
h =

csh

c+ sh
(4)

wherec = kcmax(sh). In practice,wehave foundthatavalueof kc = 0:5 workswell for mostnaturalimages.

3.4 Corr ecting �rst-order effects

Our techniquesmoothsthespatialvariationof local frequency content.However, we foundthatthenon-linearitiesinvolved
in clampingandlog manipulationcanalsoresultin changesin �rst-order propertiessuchasoverall sharpness.We correct
for thisby re-normalizingeachsubbandto theaverageof theoriginal:

s0= s0mean(jsj)
mean(js0j)

(5)

This is similar in spirit to HeegerandBergen's multiscaletexturesynthesis[6]. We alsoperformanhistogrammatchon
thepixel valuesfrom theinput to thereconstructedoutput.This ensuresthattheaverageintensityof theimageis notaltered
by our technique.

4 Results

We have implementedthe techniquedescribedin theprevioussectionin Matlabandhave usedit to reducethesalienceof
distractingbackgroundsin avarietyof photographs.

We �rst show the effect of our techniqueon an entire image. Figure 3 shows a casualphotographbeforeand after
processingwith our technique.As canbeseenin thefalse-colorvisualizationof thepower maps,texturevariationhasbeen
reducedacrossthebottomimage.Theclearboundariesbetweenregionsof highandlow texturevariationhavebeensoftened.

In many naturalimages,wehavealsoobservedthatdistractingspecularhighlightsin texturedregionshavebeenreduced.
Notethetoned-down highlightsin theleavesof Figure3. Photographersoftenstrive to achieve thiseffectusingpolarizers.

For selective de-emphasis,we usea simple alphamaskand blend processedand unprocessedimages. Figure 7 was
submittedto us by an amateurphotographerswho complainedthat the specularhighlightsof the leavesarea distraction.
Reducingtexturevariationin this region improvesforeground/backgroundseparation.Notethatin all of theseexamples,we
have appliedour techniqueto only the luminancechannel,leaving thechrominanceunchanged.This decisionis motivated
by thelow sensitivity of humanvision to high frequenciesin chrominance.

(a)High frequenciesin input (b) High frequenciesaftertextureequalization

Figure3: This casualphotographwasglobally modi�ed to illustrate the effectsof reducingtexture variation. With high frequencies
mademoreuniform, the texture-equalizedimageexhibits a “camou�age” effect that masksmedium-frequency content. The changein
high-frequency distributioncanbeseenin thecorrespondingfalse-colorpowermaps.
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(a) Input (b) Textureequalization (c) Additivewhitenoise (d) Gaussianblur

Figure4: Comparisonof de-emphasistechniques.

At �rst glance,onemight guessthat our techniquesimply addsuniform noise. This is not the case. As canbe seen
in theside-by-sidecomparisonof Figure4, our techniqueampli�es existing high frequencieswhereneededto make texture
variationuniform. Thisstrategy preserveskey featuresof theobjectsin theimagewhereassimplyaddingwhitenoiseimposes
anoverall graininess.

Gaussianblur is an alternative de-emphasistechniquethat can introducedepth-of-�eld effects. However, the reduced
sharpnesscanbeundesirable,particularlyif thedistractingelementis at thesamedistanceasthemainsubject.In addition,
Gaussianblur removesthe high-frequency contentof an imageregion, which canemphasizethe mediumfrequenciesand
resultin a moredistractingobject. (SeeFigures4 and8.) In contrast,our techniquemakeshigh-frequenciesmoreuniform,
creatinga “camou�age” effect thatmasksmedium-frequency content.

Gaussianblur andtexture equalizationarecomplementarytools in a photographer's toolkit. Our techniqueworks well
whenthedistractingregion is alreadysomewhattextured.Gaussianblur workswell whendepth-of-�eld effectsarealready
presentandwhenthemediumfrequenciesarenotdistracting.

It is not straightforward to do a fair visual comparisonbetweenthe two techniquesbecausethe control parametersare
not comparable.In Section5.1,we discussthevisualsearchexperimentusedto determinethesizeof Gaussianblur kernel
comparableto thestrengthof textureequalizationthatwehave foundworkswell for mostnaturalimages.

4.1 Reversing things: “sharpening”

Thetechniquepresentedsofar reducesthehigh frequenciesin power maps.It is naturalto explore theeffect of increasing
high frequencies,therebyproducinga sortof second-order sharpening. This canbeachievedby simply reversingthesign
of ks in Eq. 3. The techniqueis expectedlylessstablebecauseit increasesfrequency contentthat is alreadyhigh, thereby
leadingto effectsthatcanappearstylized.Similarly, unsharpmaskleadsto moreartifactsthanGaussianblur. In particular,
we have foundthat it canbedangerousto increasetexturevariationin themainsubjectbecausethis is wherethebeholder's
vision is expectedto attendandpaymoreattentionto artifacts.

5 Psychophysical validation

Becausethe goal of our techniqueis to reducethe salienceof distractingregions,we canevaluateits effectivenessusing
psychophysical experiments.We have conductedtwo userstudiesto experimentallyvalidatethe effectivenessof our de-
emphasistechniques.We have useda visual searchtask to performquantitative validationandan eye tracker device for
qualitative evaluation.

5.1 Visual search experiment

Saliency is commonlystudiedthroughvisualsearchfor atargetobjectin thepresenceof distractors.Subjectresponsetimeis
areliableindicatorof targetsaliency [8]. Wehaveconductedacontrolledsearchexperimentto measurehow ourde-emphasis
techniqueaffectsresponsetime. Subjectswereshown a seriesof imagesandasked to locatea target objectasquickly as
possible.We comparedmeansearchtimesfor unmodi�ed imagesandthosein which texture variationhadbeenreduced
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Figure5: Examplesearchstimuli. After normalizationfor luminance,the48objectsin eachimageareof comparablesalience.

everywhereexceptfor thetarget.Theexperimentalresultssupportourhypothesisthatsearchtimeis reducedwhendistractor
regionsarede-emphasized.

Wealsousethesearchtaskto comparetheeffectof Gaussianblur andour technique.Wepointout thatthiscomparisonis
meaningfulonly for this typeof input imagesandthatgeneralizationrequiresfurtherexperimentation.As discussedabove,
eachtechniquehasits preferreddomainof application,andthehighly-texturedstimuli correspondto ourapproach'sstrength.
Thestudyhowever providesaninterestingballparkto quantitatively relatethetwo approaches.

Stimuli. The stimuli in this experimentwere 45 images,eachdepicting48 toys on a uniform white noisebackground
(Figure5). Grayscaleimageswereusedto avoid attentionalbiasfor color, andall stimuli have resolution1600x1200.We
referto the45distinctscenesaslayouts. For eachlayout,six conditionsweretested:

� Original. Theunmodi�ed “�at” image.

� Texture-equalized.Thebackgroundregion (everythingexceptfor thesearchtarget) is texture-equalized.To reduce
texture variation, the following parameterswere used: low-pass�lter s l = 5, high-pass�lter maximumsh = 60,
high-passclampingfactor= 0:5, and�nal scalefactorks = 2.

� Gaussian-blurred. Four conditionswerecreatedin which Gaussianblur with s = f 0.25,0.50,1.0,1.25g pixelswas
appliedto thebackground.

Imagesweredisplayedon a 50 cm LCD screenat a full-screenresolutionof 1600� 1200. Thescreenwasat a distanceof
125cmto ensurethatimagesappearedfully in the�eld of view.

Experimental procedure. Datawerecollectedfrom12volunteersubjects.Eachsubjectwasshown theseriesof 45layouts.
For eachlayout, oneof the 6 conditionswasrandomlydisplayed.To prevent a learningeffect, no subjectwasshown the
samelayouttwice.

Eachsubjectwasshown asearchtargetbeforeviewing alayoutandwasinstructedto locatethetargetandclick twicewith
themouse:onceimmediatelyuponlocatingtheobjectandagain on theobjectitself. Time to �xation wasapproximatedby
the�rst-click responsetime. Thesecondclick wasusedto verify thatthetargetwasfound. A �xation screenwasdisplayed
betweenconsecutive images,andsubjectswererequiredto click on thecenterof thescreento proceed;this ensuredthatall
mousemovementsoriginatedat thecenterof thescreenfor consistenttiming.
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Condition Reactiontime (sec)
Unmodi�ed 3.7594
Texture-equalized 2.9160
Gaussian-blurred,s = 0:25 4.0446
Gaussian-blurred,s = 0:50 3.9288
Gaussian-blurred,s = 1:00 3.4382
Gaussian-blurred,s = 1:25 3.1234

Table1: Meanresponsetimesfor our visual searchexperimentusingstimuli suchasFigure5. De-emphasizingdistractorsusingour
textureequalizationresultsin aspeedupof morethan20%.

Analysis. Themeanresponsetime for thebackground-equalizedimageswas2.916seconds,comparedto 3.7594seconds
for unmodi�ed images.This 22.43%speed-upsupportsour hypothesisthatde-emphasizingdistractorsby reducingtexture
variationincreasessalienceof targetobjects.

Three-way ANOVA wasusedto testthestatisticalsigni�canceof thedifferencein imagecondition. A probability p =
0:0417< 0:05wascomputedfor theconditionvariable,indicatingthattheeffectof theconditionis signi�cant.

Comparingmeanresponsetimes for the searchtask,we found that texture equalizationof strengthks = 2 producesa
changein saliencestrongerthanGaussianblurring with s = 1:25. Extrapolationindicatesthats = 1:5 would correspondto
asimilareffect. It maycomeasasurprisethatasmallGaussianblur with s < 0:5 increasesresponsetime. Ourhypothesisis
thatfor thehighly-texturedimagesweuse,theeliminationof high-frequenciesremovesthe“camou�age”effectandenhances
thein�uence of mediumfrequencies.We canseein Figure4 thatGaussianblur canenhancethemainstructureof anobject.
This doesnot meanthatsmallGaussianblur is a badtechniquefor de-emphasis,but ratherthat its domainof applicationis
differentfrom thatof our technique.Texturedimageregionsarebetterhandledby ourapproach.

5.2 Fixation experiment

Usinganeyetracker, westudiedhow subjects'gazepathsand�xations changedasthey viewedaseriesof casualphotographs
beforeandaftermodi�cation with our technique.

Experimental procedure. Two versionseachof 24 photographsweredisplayedin randomorderon a 50 cm CRT screen
at a resolutionof 1024� 768 pixels. Subjectswereasked to studyeachfor 5 seconds.Eye movementswererecordedby
an ISCAN ETL 400 table-mountedeye tracker with an accuracy of 1 visual degree. Subjects'headweresecuredon an
optometricchin-restto minimizeheadmovementandto maintaina eye-to-screendistanceof 75 cm,eye-to-cameradistance
of 65 cm, andsubtendedvisualangleof 30� 20 degrees.Theeye tracker outputa data�le of screen�xations sampledat a
rateof 240Hz.

Discussion. We evaluatedtheresultsof theeye trackingexperimentby visual inspectionof scanpathsand�xation maps
[21, 2] (Figure6). This qualitative evaluationsupportedour expectationthat imageregionsemphasizedusingour technique
would attractandhold �xations. Although this studywas lesscontrolledthanthe searchexperimentand includedfewer
subjects,theinitial qualitative resultsarepromising.An extendedstudyis futurework.

6 Conclusions

We have presenteda novel post-processingtechniqueto reducethesalienceof distractingregionsin animage.Our method
is inspiredby bottom-upmodelsof visualattentionthatpredicta strongresponseto statisticaloutliersin low-level feature
distributions.Wehaveexploitedthisbehavior to altersaliency in animageby reducingvariationin texture.Weusesteerable
pyramidsto de�ne a setof power mapswhich capturelocal frequency contentat eachscaleandorientationandprovide
a perceptually-meaningfultool for imagemanipulation.Psychophysical evaluationshowed that the techniquereducesthe
salienceof modi�ed regions.

Our de-emphasistechniqueis complementaryto existing post-processingmethodssuchasGaussianblur that increases
depth-of-�eld effects.Our techniqueis mostef�cient for texturedimageregions,while Gaussianblur worksbestwhensmall
depth-of-�eld effectsarealreadypresentandwhenmedium-frequency contentis notdistracting.
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(a)Scanpathfor input (b) Scanpathaftertextureequalizationof distractors

Figure6: Scanpathsfor imagesbeforeandafter textureequalization.Thephotographwasmodi�ed to emphasizethe leftmostboy and
thegirl in theupperleft. Smallgreencirclesindicatesaccadicjumpsrecordedby theeye tracker, while redcirclesindicate�xations, with
thedurationindicatedby theradiusof thecircle.

Areasof future work include the applicationof suchimage-manipulationmethodsfor the study of bottom-upvisual
attention.Weareplanningmoreextensiveexperimentsto studythevariablesthatin�uencestheeffectivenessof de-emphasis
andemphasistechniques.The combinationof �rst-order featuressuchassharpnessandbrightnesswith our second-order
featuresis anexciting topic, which raisesthechallengingtaskof appropriatecalibration.Our searchexperimentprovidesa
�rst data-point,but moredatais neededto fully understandtheeffectof imagecontent.Finally, theideaof imageprocessing
on texturefeaturespacehaspotentialfor imagein-paintingandrestoration.
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(a) Input

(b) Textureequalizationof background

Figure7: Specularhighlightsin the leavesandotherdistractorsprevent clearforeground/backgroundseparationin the original image.
Reducingtexturevariationin thebackgroundde-emphasizesthesedistractors,therebyincreasingsalienceof theintendedsubject,thetiger.

11



(a) Input

(b) Gaussianblurringof background

(c) Textureequalizationof background

Figure8: Gaussianblur de-emphasizeseverythingin theimageexceptfor theleft tigerby introducingdepth-of-�eld effects.Thereduced
sharpnessis undesirablebecauseof the new con�icting depthcuesbetweenthe two tigers,which shouldappearat the samedistance.
Reducingtexturevariationin thebackgroundeffectively de-emphasizeswithout thiseffect.
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