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Perceptualexture Description

All Images

Texture Images

Equivalence class (visually indistinguisha

Perceptuamodel:

Setof textureimagesdividedinto equivalenceclassegmetamers)
Perceptualtdistance’betweerclasses
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Juleszs Conjecturg1962)

Hypothesistwo textureswith identicalNth-orderpixel statisticdook thesame
(for someN).

Explicit goalof capturingperceptuatie nition with a statisticalmodel
Statisticalmeasurementsnouldbe:

—universal(for all textures)
— stationary(translation-ivariant)
—aminimal set(necessarandsufcient)

Julesz(and others)constructedcounterexamplesfor N=2 and N=3, dis-
missingthe hypothesis...
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Juleszs ConjectureRevisited

Why did the early attemptdail?

Right hypothesiswrong model: A setof measurementequvalentto the
visualprocessessedfor texture perceptiorshouldsatisfythe hypothesis.

Lacked a powerful methodologyfor testingwhethera model satis esthe
hypothesis
We canbene t from advancesf the pastfew decades:
—scienti ¢: betterunderstandingf earlyvision
— engineering/mathematicalwavelets”, statisticalestimation,statistical
sampling
—technologicalavailability of powerful computersdigital images
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Testinga Texture Model

As with mostscienti c test,we seekcounterexamples

Fundamentaproblem: we usuallywork with a small numberof examples
(tensor hundreds).

Classi cationis animportantapplication but aweaktest
Synthesiganprovide a muchstrongettest...
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TestingaModel via Synthesis

Example
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Positve resultsarecompelling,assuming:

— referencdexture setcontainsa sufcient variety
— statisticalsamplemeneratestypical” examples

Negative resultsare de nitive: A single failure indicatesinsufciency of
constraints!

Partial necessitytest:remove a constraintand nd afailureexample
Studyingfailuresallows usto re ne themodel
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Methodologicalngredients

1. Representate setof exampletextureimages:Brodatz,VisTex, our own
2. Methodof estimatingparameterssamplemean

3. Method of generatingsampleimagesfrom model: primary topic of this
work

4. Perceptuatest:informal viewing
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lterative SynthesisAlgorithm

e ) )
Analysis
Example Measure
Texture —T— Transform et Statistics [ \
\
. J \
|
4 ) |
Synthesis Measure| |
Statistics \
Random .( ’ |
——| Transform | : - NVerse
Seed 4 Adjust Transform
|
{
________ ¢ — = = = — — — -
.

Heger& Bemgen,'95

1/02

> Synthesized

Texture



Transform:Steerabld’yramid

Examplebasisfunction Spectra

Linearbasis:multi-scale oriented,comple.

Basisfunctionsare orientedbandpasslters, relatedby translation,dilation,
rotation (directionaldervatives,orderK 1).

Tight frame,4K=3 overcompletened®r K orientations.
Translation-irariant,rotation-irvariant.
Motivation: imageprocessinggcomputervision, biologicalvision.
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Steerabld’yramid:ExampleDecomposition

Realpartof coefcients comple magnitudeof coefcients

N r
. /

Decompositiorof a“disk” image
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ParametersMarginal Statistics

Distribution of intensity valuesis capturedwith the rst throughfourth mo-
mentsof boththe pixelsandthelowpasscoefcients ateachpyramidscale.

Note: A numberof authorshave usedmaminal histograms:
Faugeras80 (pixels),Heager& Bergen'95 (wavelet),Zhuetal.'96 (Gabor).

15 parameters
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ParametersSpectral

Periodicityandglobally orientedstructuras bestcapturedy frequeng-domain
measuregFrancos,93).

Can be capturedby autocorrelatiormeasurement@ncludedin mosttexture
models).

In our model: central7 7 region of the autocorrelatiorof eachsubbandoro-
videsa crudemeasuref spectrakcontentwithin eachsubband.

125parameters
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ParametersMagnitudeCorrelation

ShANARS

Coefcient magnitudesrecorrelatedbothspatiallyandacrosdands.We cap-
turethis with local autocorrelatiormndcross-correlatiomeasurements.

472 parameters
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ParametersPhasdaCorrelation

Phase®f comples responsest adjacentscalesare alignednearimage“fea-
tures”.

We capturethis usinga novel measuref relatve phase:
¢t f
jg
where f is a ne-scale coefcient, c is a coarse-scaleoefcient atthe same
location.

f(f:0)=

96 parameters

Total parameters708
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Gaussian build

noise
I complex
steerable
pyramid

Implementation

(low) /7
impose subband _ _
_ stats & reconstruct |4 MPOS€ impose
(mid) . autoCorr skew/kurt
(coarse-to-fine)
(high)

impose

L

variance

Eachstatistic,f «(1), is imposedoy gradientprojection:
o= 1+ 1 Nf (1) s.t.f () = my

wheremy arethe parametewaluesestimatedrom the exampletexture.
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ExampleSynthesisSequence
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We cannotprove convergence. But in practice,algorithm convergesrapidly
(typical: 50 iterations).

Runtime: 256 256imagetakesroughly20 minutes(500Mhz Pentiunwork-
station,matlabcode)
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ExamplesArti cial
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ExamplesPhotographicAperiodic
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ExamplesPhotographicStructured
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Examples:Color

Coloris incorporatedyy transformingto YIQ spaceandincludingcross-band
magnitudecorrelationan the parameterization.
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Examples:Non-textures?
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NecessityMarginal Statistics

original with without

Neededor properdistribution of intensityvalues(at eachscale).
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Necessity/ Autocorrelation

original with without

Neededor capturingperiodicityandglobal orientation.
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Necessity:MagnitudeCorrelation

original with without

Neededor capturingperiodicitylocal structure.
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NecessityRelatve Phase

original with without

Neededor capturingdetailsof local structure(edgesys. lines),andshading.
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JuleszCounterExamples

Exampleswith identical3rd-orderpixel statistics

Left: JulesZ78; Right: Yellott'93
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SpatialExtrapolation

Modi cation: incorporatean additionalprojectionoperationin the synthesis
loop, replacingcentralpixels by thoseof the original.
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ScaleExtrapolation

Modi cation: incorporatean additionalprojectionoperationin the synthesis
loop, replacingcoarse-resolutionoefcients by thoseof the original.
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Texture Mixtures

Modi cation: choosegparameterectorthatthatis the averageof thoseassoci-
atedwith two exampletextures.
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Conclusions

A framework for texture modeling, basedon that originally proposedoy
Julesz

New texture model:

— basedon biologically-inspiredstatisticalmeasurements
—includesmethodologyfor testing

— providesheuristicmethodologyfor re nement

— canbeappliedto awide rangeof problems

Furtherinformation:http:/  /www.cns.nyu.edu/ lcv/texture
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To Do

Adaptwve front-endtransformatior{e.g.,Zhuetal '96, Manduchi& Portilla
'99)

Eliminateredundang of parameterization

Applications: compressionsuperresolution,texture interpolation,texture
painting...
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