De-Emphasisof Distracting Image RegionsUsing Texture Power Maps
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Abstract

A major obstaclein photograpki is the presencef distractingelementshat pull attentionaway from the main subject
andclutter the composition.In this article, we presenia new image-processintgechniquethat reduceshe salienceof dis-
tractingregions. It is motivatedby computationamodelsof attentionthat predictthattexturevariationin uencesbottom-up
attentionmechanismsOur methodreduceghe spatialvariationof texture usingpower maps high-orderfeatureslescribing
local frequeng contentin animage.We shav how modi cation of power mapsresultsin powerful imagede-emphasiswe
validateour resultsusinga usersearchexperimentandeye trackingdata.
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1 Intr oduction

A majorobstaclein photograph is the presencef distractingelementghat pull attentionaway from the main subjectand
clutterthe composition.Much of the art of photograpl involvesdirectingthe viewer's attentionto or away from regionsof
animage.Photographerbave developeda variety of post-processintgchniquesbothin the darkroomandon thecomputey
to reducethe salienceof distractingelementsy alteringlow-level featurego which the humanvisual systemis particularly
attuned:sharpnesdyrightnesschromaticity or saturation.

Surprisingly thereis one low-level featurethat cannotbe directly manipulatedwith existing image-editingsoftware:
texture variation. From a perceptuaktandpointvariationsand outliersin texture are salientto the humanvisual system
[14, 5], and the humanand computervision literature shav that discontinuitiesin texture can elicit an edgeperception
similarto thattriggeredby color discontinuitieq1, 11, 20, 10].

We introducea new techniquefor selectvely alteringtexture variationto reducethe salienceof animageregion. In a
nutshell,we modify the region to make it look more like a uniform texture. Our methodis basedon perceptuaimodels
of attentionthat hypothesizethat contrastin texture contributesto salience. We review the lter -basedmodel of texture
discriminationand the computationaimodelsof visual attentionbasedon it (Section2) before presentingthe following
contrikutions.

Image manipulation with power maps. Higherorderimagefeatureshave beenheaily usedin imageanalysis.For exam-
ple, power mapsencodethe local averageof the responsdo oriented lters. We shav how power mapsprovide a
powerful representatiofor manipulatingfrequeng contentin animageWe introducea perceptually-motiatedtech-
niquefor selectve manipulationof texture variation.

Psychoplysical study of texture and attention. We conducttwo userstudiesasexperimentalalidationof ourtechniques
effectivenessQualitative changesn user xations on originalandmodi ed imagesareprovidedusinganeye tracker.
In addition,asearchexperimentshavs quantitatvely thatapplyingourtechniqueo distractorgdirectsviewer attention
towardunmaodi ed regions.
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Figurel: Texturediscriminationandmanipulationin 1D. Band-pasdtering theinputsignal(a) producesaresponséb) which, averaged
over a small neighborhoodis zero. Recti cation, in this casefull-wave, is hecessaryc). Poolingthe recti ed responsecapturedocal
frequeng content(d). Converting to log-space(e) allows multiplicative ratherthan additive operations. The high-passrespons€f)

capturegylobal texture variationand, corverting backto linearspace(g), is usedto scalethe bandpassesponséBecausehe goalis to

reducevariation,a negative multiple of the high-passs usedasthe scalefactor Theresultingsignalhasbeen™ attened' (h).

2 Background

2.1 Texture segmentationand discrimination

Texturediscriminationandtexture edgedetectiorhasreceved muchattentionin computationahndhumanvision[1, 11, 10,
9]. Theseapproachesomputdocal variationsin frequeng contentto detecttexture edges Mostapproachesoughlyfollow
Malik andPeronas biologically-inspirednodel[11], illustratedwith a 1D examplein Figurel. Theoverall principlefollows
thatof edgedetectionbut is appliedto local averageof the responseto multiscale-orientedters ratherthanto theimage
intensity

The rst stageof mosttexture discriminationmodelsis linear Itering with multi-scaleorientedGaborlike functions
(Figurel(b)). Becausst is band-limited theresponséo sucha lter averagedverasmallneighborhoods usuallyzero;the
positive andnegative lobesof the responseanceleachother The signalmustberecti ed. Possiblenon-linearitiesnclude
full-wave recti cation (absolutevalue)andenegy computatior(squareesponse)the absolutesalueis shavnin Figurel(c).

Low-passltering (or “pooling”) of this recti ed responseroduceghe local averageof the Iter responsestrength;we
call this the powermap (Figure 1(d)). As suggestedby Northdurft[12], ananalysissimilar to intensityimagescanthenbe
performedon thesepower mapsat eachscaleandorientation.

In additionto its applicationsin edgedetectionand image sggmentation,this approachto texture discriminationhas
inspiredtexture synthesisnethodghatmatchhistogram®f Iter responsefs]. We shav how power mapscanbeappliedto
adifferentproblem:imagemanipulation.

2.2 Computational modelsof visual attention

Visual attentionis driven by a combinationof top-dovn and bottom-upprocesses.Top-davn mechanismslescribehowv
attentionis in uencedby scenesemantic®r thetask. Top-davn processeareimportantto understandingttention however,
in this paper we focusonimageprocessindechnigueshatareindependendf content.

Bottom-upprocessedescribeheeffectof low-level propertieof visualstimuli onattention.A numberof in uential com-
putationalmodelsof attentionhave explicitly identi ed salientobjectsasstatisticaloutliersin low-level featuredistributions
[17, 15, 16]. Otherwell-known modelsimplicitly capturethe samebehaior [7].

Mostmodelsfocusontheresponséo Iter banksthatextractcontraseandorientationin theimage.Variousnon-linearities
canthenbe usedto extractandcombinemaximaof the responseo eachfeature. These r st-order saliencemodelscapture
low-level featuresuchascontrastgolor, andorientation.Increasingpr decreasinghe presencef outliersor largevariations
in the featuredistribution for a region of the imageresultsin a respectre increaseor decreasén the salienceof the region,
asexploited by traditionalimageeditingtechnique$19, 13, 22].

Recently Parkhurstand Niebur [14] presentedh salieny modelthat capturegexture variationin orderto explain psy-
choplysical experimentshy Einhduserand Konig who reportedsalienceeffectsthat could not be explainedby rst-order
models[3] . Their second-oder model performsadditionalimageprocessingn the responseo a rst-order Iter bank.
This effectively performsthe samecomputatioras rst-order modelsbut on whatwe call power mapsratherthanon image
intensity This motivatesour stratgy of performingimage manipulationson pover mapsin orderto modify contrastin
texture.
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Figure 2: Texture discriminationand manipulationin 2D. We considera single band-passubbandb) of the steerablepyramid of the
inputimage(a). The averageof (b) over a small neighborhoodis zero, so full-wave recti cation is necessaryc). Poolingtherecti ed

responsgroduceghe powver map(d), which capturedocal texture content. Corverting to log-spacee) allows multiplicative ratherthan
additive operations.The high-pasgesponsdf) capturegylobaltexture variationand,corverting backto linearspaceg(g), is usedto scale
thesubbandtoefcients (h) to reducetexturevariation.

3 Texture equalization

We have reviewed how theresponséo multiscaleoriented Iters canbe usedfor texture discrimination.A plethoraof such
lters hasbeendeveloped.In ourwork, we usesteenble pyramidsbecausehey permitstraightforvardanalysisprocessing,
andreconstructiorof imageq4, 18].

We have developeda post-processintgchniqueo de-emphasizdistractingregionsof a photographoy reducingcontrast
in texture. Informally, our goalis to invertthe outlierbaseccomputationaimodelof salieng to performtexture equalization
Recallthatthis modelde nessalientregionsasoutliersfrom thelocal featuredistribution. Ourtechniquemodi es the power
mapsdescribedn theprevioussectionto decreasspatialvariationof textureascapturedy theresponseo steerabl®riented

Iters.



3.1 Power mapsto capturelocal energy

We computepower mapsusingthe texture-discriminatiorapproachdescribedn Section2.1. Thelocal frequeng contentis
computedisingsteerablgyramid,anda powver mapis computedor eachsubband. We illustratethe stepsfor onesubband
in Figure?2.

As discusse@bove, the subbandsireband-limitedandtheir local averageis zero. We performa full-w ave recti cation to
correctthis, takingthe absolutevaluesof the steerableoefcients (Figure2(c)).

We next applyalow-passlter with a Gaussiarkernelg, to computethelocal averageof theresponsenagnitudgFigure
2(d)); we call theresultingimages thepowermap

s=jd g 1)
We mustchooseavariances| for the Gaussiarkernelthatis largeenougtto blur theresponsescillationbut smallenough
to selectiely captureresponsevariations.We have foundthata valueof s| = 5 pixelsworked consistentlywell. Note that
thelow-passlter hasthesamesizefor eachsubbandNotethatthelow-passiter hasthe samesizeor eachsubbandThus,
for coarseiscaleghe power mapaveragesesponsesver alargerregion of theimage.

3.2 Log power manipulation

Becausehe computationof power mapsincludesan absolute-alue rectifying non-linearity propagting modi cations on
the power mapto the imageis not straightforvard. In particular linearimageprocessingnay resultin negative valuesthat
areinvalid power map coefcients, sincethe powver mapis computedfrom absolutevalues. While theseissuesare not a
concernfor analysisthey arecrucialto considerfor imageediting.

This is why we chooseto performmultiplicative manipulation,scalingthe coefcients ratherthanusingadditive arith-
metic. For this, we performall subsequenprocessingn the naturallogarithmicdomainof the power map(Figure2(e)). An
additive changeto thelog power maptranslatego a multiplicative changeto the original steerablgyramid coefcients.

3.3 Reducingglobal texture variation

Thepowermapscapturdocalfrequeng contentin theimage.We next performhigh-passltering revealsthespatialvariation
s of frequeng contentover theimage(Figure2(f)). Recallthatthis variationis de ned for eachsubbands.

sh=1In(s) (In(s) an) (2

We have experimentedwith differentvaluesof sy, for the Gaussiarkernelgy,. In contrastto the low-passg,, the high-
passlter mustscalewith the sizeof the subbandsuchthatif it is translatedo image-spacet is the sameat eachpyramid
level. We have foundthata valueof s, = 60 pixelsfor the nest subbandvorked consistentlywell. We have foundthatthe
techniquds robustto this choiceandthatthevalueof s, hasa smalleffectonthe nal output.

To reducetexture variationin theimage,we mustremove someportionof the high frequencie®f the pover mapswhich
is a trivial image-processingperation. However, we mustde ne how a modi cation of the power maptranslatesnto a
modi cation of thepyramidcoefcients. Recallthatwe areworkingin thelog domainto performmultiplicative modi cation
to the power mapandsteerable-pramid coefcients. A subtractionon the log power mapcorrespondso a division of the
linearcoefcients (Figuresl(g) and2(g)):

= se (3)

We have foundvaluesof k = 1,2,3to work well. In practice atthe boundarybetweerow andhigh valuesof the power
map,the high-pasof thelog pover mapgosfrom negative to positive values which resultsin scalingup the coefcients on
thelow sideandscalingdown ontheotherside(Figurel (g) and(h)).

Clamping. Smoothregionscorrespondo zerovaluesof thepower map.Whenthey areadjacento highly-texturedregions,
they resultin extremelyhigh valuesof the high-frequeng of the power maps;,. As aresult,theappliedscalingfactoris large
andcanoverly enhancehe smallamountof noisepresenin the smoothregion.

To avoid enhancingroisepresentn theoriginal subbandit is necessario clamptheisolatedextremevaluesin thescaling
(high-passesponseinap.In particular it is importantto avoid amplifying isolatedextremevaluesin large uniform regions.
To preventsuchartifacts,we usea simplenon-linearityto clampextremevaluesto a speci edfractionof themaximum:
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wherec = k:max,). In practice we have foundthata valueof k. = 0:5 workswell for mostnaturalimages.

3.4 Correcting rst-order effects

Ourtechniquesmoothghe spatialvariationof local frequeng content.However, we foundthatthe non-linearitiesnvolved
in clampingandlog manipulationcanalsoresultin changesn rst-order propertiessuchasoverall sharpnessWe correct
for this by re-normalizingeachsubbando the averageof the original:
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This is similarin spirit to HeggerandBermgen's multiscaletexture synthesig6]. We alsoperforman histogrammatchon
the pixel valuesfrom theinputto thereconstructedutput. This ensureghatthe averageintensityof theimageis not altered
by ourtechnique.

4 Results

We have implementedhe techniquedescribedn the previous sectionin Matlab and have usedit to reducethe salienceof
distractingbackgroundén avariety of photographs.

We rst shaw the effect of our techniqueon an entireimage. Figure 3 shavs a casualphotographbefore and after
processingvith our technique As canbe seenin the false-colowvisualizationof the power maps texture variationhasbeen
reducedacrosshebottomimage. Theclearboundariebetweerregionsof highandlow texturevariationhave beensoftened.

In mary naturalimageswe have alsoobsenedthatdistractingspeculahighlightsin texturedregionshave beenreduced.
Notethetoned-davn highlightsin theleavesof Figure3. Photographersftenstrive to achieve this effect usingpolarizers.

For selectve de-emphasiswe usea simple alphamaskand blend processedand unprocessedmages. Figure 7 was
submittedto us by an amateumphotographersvho complainedthat the specularighlights of the leaves are a distraction.
Reducingexture variationin this region improvesforeground/backgroundeparationNotethatin all of theseexampleswe
have appliedour techniqueto only the luminancechannelJeaving the chrominancainchangedThis decisionis motivated
by thelow sensitvity of humanvision to high frequenciesn chrominance.

(a) High frequenciesn input (b) High frequenciesftertexture equalization

Figure 3: This casualphotographwas globally modi ed to illustrate the effects of reducingtexture variation. With high frequencies
mademore uniform, the texture-equalizedmageexhibits a “camou age” effect that masksmedium-frequeng content. The changein
high-frequeng distribution canbe seenin the correspondindialse-colompower maps.



(a) Input (b) Textureequalization (c) Additive white noise (d) Gaussiarblur

Figure4: Comparisorof de-emphasigechniques.

At rst glance,one might guessthat our techniguesimply addsuniform noise. This is not the case. As canbe seen
in the side-by-sidecomparisorof Figure4, our techniqueampli es existing high frequenciesvhereneededo make texture
variationuniform. This stratgyy presereskey featureof theobjectsin theimagewhereasimply addingwhite noiseimposes
anoverall graininess.

Gaussiarblur is an alternatve de-emphasisechniquethat canintroducedepth-of- eld effects. However, the reduced
sharpnessanbe undesirableparticularlyif the distractingelements at the samedistanceasthe main subject.In addition,
Gaussiarblur removesthe high-frequeng contentof animageregion, which canemphasizeéhe mediumfrequenciesand
resultin a moredistractingobject. (SeeFigures4 and8.) In contrastour techniqguemalkeshigh-frequenciesnoreuniform,
creatinga “camou age” effect thatmasksmedium-frequenccontent.

Gaussiarblur andtexture equalizationare complementantools in a photographes toolkit. Our techniqueworks well
whenthedistractingregion is alreadysomevhattextured. Gaussiarblur works well whendepth-of- eld effectsarealready
presenandwhenthe mediumfrequenciearenotdistracting.

It is not straightforvard to do a fair visual comparisorbetweenthe two techniquesecausehe control parametersre
not comparableln Section5.1, we discusshe visual searchexperimentusedto determinehe sizeof Gaussiarblur kernel
comparabléo the strengthof texture equalizatiorthatwe have foundworkswell for mostnaturalimages.

4.1 Reversingthings: “sharpening”

Thetechniquepresentedo far reduceghe high frequenciesn power maps.lIt is naturalto explore the effect of increasing
high frequenciestherebyproducinga sort of second-ader sharpening This canbe achiared by simply reversingthe sign
of ks in Eq. 3. Thetechniqueis expectedlylessstablebecausét increasesrequeny contentthatis alreadyhigh, thereby
leadingto effectsthatcanappeaistylized. Similarly, unsharpmaskleadsto moreartifactsthanGaussiarblur. In particular
we have foundthatit canbe dangerouso increasdexture variationin the main subjectbecausghis is wherethe beholders
visionis expectedo attendandpay moreattentionto artifacts.

5 Psychoplysical validation

Becausehe goal of our techniqueis to reducethe salienceof distractingregions, we canevaluateits effectivenesausing
psychoplgsical experiments. We have conductedwo userstudiesto experimentallyvalidatethe effectivenessof our de-
emphasigechniques.We have useda visual searchtaskto perform quantitatve validation and an eye tracker device for
qualitative evaluation.

5.1 Visual search experiment

Salieny is commonlystudiedthroughvisualsearcHor atargetobjectin thepresencef distractors Subjectrespons¢imeis
areliableindicatorof targetsalieny [8]. We have conductedacontrolledsearchexperimentto measurdiow our de-emphasis
techniqueaffectsresponsdime. Subjectswereshavn a seriesof imagesandasled to locatea target objectas quickly as
possible. We comparedmeansearchtimesfor unmodi ed imagesandthosein which texture variation had beenreduced



Figure5: Examplesearchstimuli. After normalizationfor luminancethe 48 objectsin eachimageareof comparablesalience.

everywhereexceptfor thetarget. The experimentakesultssupportour hypothesighatsearchimeis reducedvhendistractor

regionsarede-emphasized.
We alsousethe searchtaskto comparehe effect of Gaussiarblur andourtechnique We pointoutthatthis comparisons

meaningfulonly for this type of inputimagesandthatgeneralizatiomequiresfurther experimentation As discussedbove,
eachtechniquehasits preferreddomainof application andthe highly-texturedstimuli correspondo our approacths strength.
The studyhowever providesaninterestingballparkto quantitatvely relatethetwo approaches.

Stimuli.  The stimuli in this experimentwere 45 images,eachdepicting48 toys on a uniform white noise background
(Figureb). Grayscaldmageswereusedto avoid attentionalbiasfor color, andall stimuli have resolution1600x1200.We
referto the45 distinctscenesslayouts For eachlayout, six conditionsweretested:

Original. Theunmodi ed“ at” image.

Texture-equalized. The backgroundegion (everythingexceptfor the searchtarget) is texture-equalizedTo reduce
texture variation, the following parametersvere used: low-pass lter s = 5, high-passlter maximumsy = 60,
high-passlampingfactor= 0:5, and nal scalefactorks= 2.

Gaussian-blurred. Four conditionswerecreatedn which Gaussiarblur with s = £0.25,0.50,1.0,1.25) pixelswas
appliedto the background.

Imagesweredisplayedon a 50 cm LCD screerat a full-screenresolutionof 1600 1200. The screenwasat a distanceof
125cmto ensurehatimagesappearedully in the eld of view.

Experimental procedure. Datawerecollectedrom 12volunteersubjects Eachsubjectwasshavntheseriesof 45layouts.
For eachlayout, one of the 6 conditionswasrandomlydisplayed. To prevent a learningeffect, no subjectwas shavn the
sameayouttwice.

Eachsubjectwasshavn asearchargetbeforeviewing alayoutandwasinstructedo locatethetargetandclick twice with
themouse:onceimmediatelyuponlocatingthe objectandagain on the objectitself. Timeto xation wasapproximatedy
the rst-click responsdime. Thesecondclick wasusedto verify thatthetargetwasfound. A xation screerwasdisplayed
betweerconsecutie imagesandsubjectavererequiredto click on the centerof the screerto proceedthis ensuredhatall
mousemaovementoriginatedat the centerof the screerfor consistentiming.



Condition Reactiontime (sec)
Unmodi ed 3.7594
Texture-equalized 2.9160
Gaussian-blurreds = 0:25 | 4.0446
Gaussian-blurreds = 0:50 | 3.9288
Gaussian-blurreds = 1:00 | 3.4382
Gaussian-blurreds = 1:25 | 3.1234

Table 1: Meanresponsdaimesfor our visual searchexperimentusing stimuli suchas Figure5. De-emphasizinglistractorsusing our
texture equalizatiorresultsin a speeduf morethan20%.

Analysis. Themeanresponsgime for the background-equalizeithageswas2.916secondsgcomparedo 3.7594seconds
for unmodi ed images.This 22.43%speed-upsupportsour hypothesighatde-emphasizinglistractorsby reducingtexture
variationincreasesalienceof targetobjects.

Three-vay ANOVA wasusedto testthe statisticalsigni cance of the differencein imagecondition. A probability p =
0:0417< 0:05wascomputedor theconditionvariable,indicatingthatthe effect of the conditionis signi cant.

Comparingmeanresponsdimesfor the searchtask, we found that texture equalizationof strengthks = 2 producesa
changen saliencestrongethanGaussiarblurring with s = 1:25. Extrapolationindicatesthats = 1:5 would correspondo
asimilar effect. It maycomeasa surprisehata smallGaussiatblur with s < 0:5 increasesesponsgime. Our hypothesiss
thatfor thehighly-texturedimageswe use theeliminationof high-frequenciesemaovesthe“camou age” effectandenhances
thein uence of mediumfrequenciesWe canseein Figure4 thatGaussiarblur canenhancdéhe mainstructureof anobject.
This doesnot meanthatsmall Gaussiarblur is a badtechniquefor de-emphasidyut ratherthatits domainof applicationis
differentfrom thatof ourtechnique Texturedimageregionsarebetterhandledoy our approach.

5.2 Fixation experiment

Usinganeyetracker, we studiedhow subjects'gazepathsand xations changedisthey viewedaseriesof casuaphotographs
beforeandaftermodi cation with ourtechnique.

Experimental procedure. Two versionseachof 24 photographsveredisplayedin randomorderon a 50 cm CRT screen
at aresolutionof 1024 768 pixels. Subjectswvere asked to studyeachfor 5 seconds.Eye movementswererecordedby

an ISCAN ETL 400 table-mountecdeye tracker with an accurag of 1 visual degree. Subjects'headwere securedon an

optometricchin-restto minimize headmovementandto maintaina eye-to-screemlistanceof 75 cm, eye-to-cameralistance
of 65 cm, andsubtendedisualangleof 30 20 degrees.The eye tracker outputa data le of screenxations sampledata

rateof 240Hz.

Discussion. We evaluatedthe resultsof the eye trackingexperimentby visual inspectionof scanpathsand xation maps
[21, 2] (Figure6). This qualitative evaluationsupportedur expectationthatimageregionsemphasizedisingour technique
would attractand hold xations. Although this studywaslesscontrolledthanthe searchexperimentandincludedfewer
subjectstheinitial qualitative resultsarepromising.An extendedstudyis futurework.

6 Conclusions

We have presentec novel post-processintechniqueo reducethe salienceof distractingregionsin animage. Our method
is inspiredby bottom-upmodelsof visual attentionthat predicta strongresponseo statisticaloutliersin low-level feature
distributions.We have exploitedthis behaior to altersalieng in animageby reducingvariationin texture. We usesteerable
pyramidsto de ne a setof power mapswhich capturelocal frequenyg contentat eachscaleand orientationand provide
a perceptually-meaningfubol for imagemanipulation. Psychoplisical evaluationshaved that the techniquereduceshe
salienceof modi ed regions.

Our de-emphasisechniquels complementaryo existing post-processinmethodssuchas Gaussiarblur thatincreases
depth-of- eld effects. Ourtechniqueds mostef cient for texturedimageregions,while Gaussiarblur worksbestwhensmall
depth-of- eld effectsarealreadypresenandwhenmedium-frequengccontentis notdistracting.



(a) Scanpathfor input (b) Scanpathaftertexture equalizatiorof distractors

Figure6: Scanpathsfor imagesbeforeandafter texture equalization.The photographwasmodi ed to emphasizehe leftmostboy and
thegirl in theupperleft. Smallgreencirclesindicatesaccadigumpsrecordedoy the eye tracker, while redcirclesindicate xations, with
thedurationindicatedby theradiusof thecircle.

Areasof future work include the applicationof suchimage-manipulatiormethodsfor the study of bottom-upvisual
attention.We areplanningmoreextensive experimentgo studythevariableshatin uencesthe effectivenes®of de-emphasis
andemphasigechniques.The combinationof rst-order featuressuchassharpnesand brightnesswith our second-order
featuress an exciting topic, which raisesthe challengingtaskof appropriatecalibration. Our searchexperimentprovidesa

rst data-pointput moredatais neededo fully understandheeffect of imagecontent.Finally, theideaof imageprocessing
ontexturefeaturespacehaspotentialfor imagein-paintingandrestoration.
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(a) Input

(b) Texture equalizatiorof background

Figure7: Speculahighlightsin the leavesand other distractorsprevent clearforeground/backgroundeparatiorin the original image.
Reducingexturevariationin thebackgroundie-emphasizethesedistractorstherebyincreasingsalienceof theintendedsubjectthetiger.
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(a) Input

(b) Gaussiarblurring of background

(c) Texture equalizatiorof background

Figure8: Gaussiarblur de-emphasizeaserythingin theimageexceptfor theleft tiger by introducingdepth-of- eld effects. Thereduced
sharpnesss undesirablebecausef the new con icting depthcuesbetweenthe two tigers, which shouldappearat the samedistance.
Reducingexture variationin the backgrounceffectively de-emphasizesithoutthis effect.
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