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Whatis “VisualTexture”?

Homogeneous,with repeatedstructures....
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Whatis “VisualTexture”?

Homogeneous,with repeatedstructures....

“Youknow it whenyouseeit”
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PerceptualTextureDescription

All Images

Textur e Images

Equivalence class (visually indistinguishable)

Perceptualmodel:

� Setof textureimagesdividedinto equivalenceclasses(metamers)

� Perceptual“distance”betweenclasses
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Julesz'sConjecture(1962)

Hypothesis:two textureswith identicalNth-orderpixel statisticslook thesame
(for someN).

� Explicit goalof capturingperceptualde�nition with astatisticalmodel

� Statisticalmeasurementsshouldbe:

– universal(for all textures)
– stationary(translation-invariant)
– aminimalset(necessaryandsuf�cient)

� Julesz(and others)constructedcounter-examplesfor N=2 and N=3, dis-
missingthehypothesis...
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Julesz'sConjecture,Revisited

Why did theearlyattemptsfail?

� Right hypothesis,wrong model: A setof measurementsequivalent to the
visualprocessesusedfor textureperceptionshouldsatisfythehypothesis.

� Lacked a powerful methodologyfor testingwhethera modelsatis�es the
hypothesis

� Wecanbene�t from advancesof thepastfew decades:

– scienti�c: betterunderstandingof earlyvision
– engineering/mathematical:“wavelets”, statisticalestimation,statistical

sampling
– technological:availability of powerful computers,digital images
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TestingaTextureModel

� As with mostscienti�c test,weseekcounter-examples

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

� Classi�cationis animportantapplication,but aweaktest

� Synthesiscanprovideamuchstrongertest...
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TestingaModel via Synthesis

Example
�����

ture
Image

Random
Seed

Statistical
Image
Sampler

Statistical
Parameter
Estimator

Perceptual
Comparison

� Positive resultsarecompelling,assuming:

– referencetexturesetcontainsasuf�cient variety
– statisticalsamplergenerates“typical” examples

� Negative resultsare de�niti ve: A single failure indicatesinsuf�ciency of
constraints!

� Partial necessitytest:removeaconstraintand�nd a failureexample

� Studyingfailuresallowsusto re�ne themodel
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MethodologicalIngredients

1. Representativesetof exampletextureimages:Brodatz,VisTex, ourown

2. Methodof estimatingparameters:samplemean

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

4. Perceptualtest: informalviewing
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IterativeSynthesisAlgorithm

Synthesis

Analysis

Transform Measure
Statistics

Example
Texture

Random
Seed

Synthesized
Texture

Transform

Measure
Statistics

Adjust
Inverse
Transform

Heeger& Bergen,'95
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Transform:SteerablePyramid

Examplebasisfunction Spectra

Linearbasis:multi-scale,oriented,complex.
Basisfunctionsareorientedbandpass�lters, relatedby translation,dilation,
rotation (directionalderivatives,orderK� 1).
Tight frame,4K=3 overcompletenessfor K orientations.
Translation-invariant,rotation-invariant.
Motivation: imageprocessing,computervision,biologicalvision.
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SteerablePyramid:ExampleDecomposition

Realpartof coef�cients complex magnitudeof coef�cients

Decompositionof a “disk” image
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Parameters:MarginalStatistics

Distribution of intensityvaluesis capturedwith the �rst throughfourth mo-
mentsof boththepixelsandthelowpasscoef�cients ateachpyramidscale.

Note: A numberof authorshaveusedmarginalhistograms:
Faugeras'80 (pixels),Heeger& Bergen'95 (wavelet),Zhuetal. '96 (Gabor).

15parameters
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Parameters:Spectral

Periodicityandgloballyorientedstructureisbestcapturedby frequency-domain
measures(Francos,'93).

Can be capturedby autocorrelationmeasurements(includedin most texture
models).

In our model:central7� 7 region of theautocorrelationof eachsubbandpro-
videsacrudemeasureof spectralcontentwithin eachsubband.

125parameters
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Parameters:MagnitudeCorrelation

Coef�cient magnitudesarecorrelatedbothspatiallyandacrossbands.Wecap-
turethiswith localautocorrelationandcross-correlationmeasurements.

472parameters
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Parameters:PhaseCorrelation

Phasesof complex responsesat adjacentscalesarealignednearimage“fea-
tures”.

Wecapturethisusinganovel measureof relativephase:

f ( f ;c) =
c2 � f �

jcj
;

where f is a �ne-scalecoef�cient, c is a coarse-scalecoef�cient at the same
location.

96parameters

Totalparameters:708
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PhaseCorrelationExample

input

real/imag mag/phase real/imag mag/phase

coarse

real
imag

phase  
mag x18

real
imag

phase  
mag x18

�ne

real
imag

phase  
mag x18

real
imag

phase  
mag x18

rphase

real
imag

phase  
mag x20

real
imag

phase  
mag x18
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Implementation

(high)

(low)

(mid)
build
complex
steerable
pyramid

impose
autoCorr

impose subband
stats & reconstruct
(coarse-to-fine)

impose
variance

Gaussian
noise

+

impose
skew/kurt impose

pixel
statistics

synthetic
texture

Eachstatistic,f k(~I ), is imposedby gradientprojection:

~I0= ~I + l k
~Ñf k(I ); s.t.f k(~I ) = mk;

wheremk aretheparametervaluesestimatedfrom theexampletexture.
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ExampleSynthesisSequence

Initial 1 4 64

We cannotprove convergence. But in practice,algorithmconvergesrapidly
(typical: 50 iterations).

Runtime: 256� 256imagetakesroughly20minutes(500Mhz Pentiumwork-
station,matlabcode)
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Examples:Arti�cial
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Examples:Photographic,Quasi-periodic
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Examples:Photographic,Aperiodic
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Examples:Photographic,Structured

1/02



Examples:Color

Color is incorporatedby transformingto YIQ space,andincludingcross-band
magnitudecorrelationsin theparameterization.
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Examples:Non-textures?
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Necessity:MarginalStatistics

original with without

Neededfor properdistributionof intensityvalues(ateachscale).
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Necessity:Autocorrelation

original with without

Neededfor capturingperiodicityandglobalorientation.
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Necessity:MagnitudeCorrelation

original with without

Neededfor capturingperiodicitylocal structure.
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Necessity:RelativePhase

original with without

Neededfor capturingdetailsof local structure(edgesvs. lines),andshading.
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JuleszCounter-Examples

Exampleswith identical3rd-orderpixel statistics

Left: Julesz'78; Right: Yellott '93
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SpatialExtrapolation

Modi�cation: incorporatean additionalprojectionoperationin the synthesis
loop,replacingcentralpixelsby thoseof theoriginal.
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ScaleExtrapolation

Modi�cation: incorporatean additionalprojectionoperationin the synthesis
loop,replacingcoarse-resolutioncoef�cients by thoseof theoriginal.
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TextureMixtures

Modi�cation: chooseparametervectorthatthat is theaverageof thoseassoci-
atedwith two exampletextures.
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Conclusions

� A framework for texture modeling,basedon that originally proposedby
Julesz

� New texturemodel:

– basedonbiologically-inspiredstatisticalmeasurements
– includesmethodologyfor testing
– providesheuristicmethodologyfor re�nement
– canbeappliedto awide rangeof problems

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

� Adaptive front-endtransformation(e.g.,Zhuetal '96, Manduchi& Portilla
'99)

� Eliminateredundancy of parameterization

� Applications: compression,super-resolution,texture interpolation,texture
painting...
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