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StatisticallmageModels

Applicationsin ImageProcessing Graphics:

Compression
Restoration
Enhancement
Synthesis

TheoreticaNeurobiology:

Ecologicaloptimality principlefor earlyvisual processing
Adaptatiory plasticity/ learning
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Modell: Gaussian
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Spatial-frequency (cycles/image)

Power spectreof naturalimagedall as1=f#,a 2.
[Field '87, Rudermar& Bialek'94, etc]
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Bandpass$-iltersRevealnon-GaussiaBehaviors

10

— Response histogram
— — Gaussian density

Probability

Filter Response

Marginal densitieof bandpasdtered imagesarenon-Gaussian.
[Field87,Mallat89].
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Optimizingnon-Gaussianity
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Linearoperatorsvith maximallyindependentor maximallynon-Gaussiarnke-
sponsesreorientedbandpasdters
[Bell/Sejnavski '97; Olshausen/Fielt9Y6]
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SampleKurtosisvs. Filter Bandwidth
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For mostimages maximumis nearoneocta/e [after Field, 1987].
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Separabl&Vavelets

Basisfunctionsarebandpasdters, relatedby translationdilation, modu-
lation.

Orthogonal.
Lackingtranslation-androtation-irvariance.
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Steerabld’yramid
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Basisfunctionsareorientedoandpasdters, relatedby translationdilation,
rotation (directionalderivatives,orderK 1).

Tight frame,4K=3 overcompletened®r K orientations.
Translation-inariant,rotation-irvariant.

[Freeman& Adelson,'90; Simoncelliet.al.,'91; Freemar& Simoncelli'95]
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Steerabld’yramid:Block Diagram
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Lowpassbandis recursvely split usingcentraldiagram(graybox).
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Model Il: WaveletMarginals

Boats Lena Toys Goldhill

p= 0:60
DH = 0:014 DH = 0:013 DH = 0:021 DH = 0:0019

Coefcient densitiesvell t by generalizedsaussian
[Mallat '89; Simoncelli/Adelsori96].

f(c)ue 9%  p2[0:50:48]:

Non-Gaussianitglueto bothimagecontentand choiceof basis.
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Coefcient Dependeng

Large-magnitudesubbandccoefcients arefoundat neighboringpositions,ori-
entationsandscales.
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WaveletConditionalHistogram

Conditionalmeanis zero
But, conditionalvariancegrows with amplitudeof L,
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ConditionalHistograms

Strengthof dependengis differentfor eachpair of lters:

But theform of dependengis highly consistenacrossawide rangeof images.
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Modellll: Local GSM model

Model generalizetheighborhoodf coefcients asa GaussiarsScaleMixture
(GSM) [Andrews & Mallows'74].

p e
X= " z#d, where
ﬂﬂzﬂ
- zandd areindependent z?
- %)z is Gaussianwith covariancezC, —_—
—_———
- mamginalsarealwaysleptokurtotic
. . 2| 7 ¢2
-wechoosa at (non-informatve)prior on 7
10g(2) Zer Z

[Wainwright& Simoncelli,'99]
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GSM Simulations
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ConditionalHistogramsof pairs of coefcients with differentspatialsepara-
tions.

SIAM, 3/02 14



Denoisingl (Gaussianmodel)

Y= X+ W, wherew is Gaussianyhite.

y iIs anobsenedtransformcoefcient.

Bayesleastsquaresolution:
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Denoisingll (mamginalmodel)

1.0 p= 2.0

p= 05 P

Bayesleastsquaresolution:

Rl:gix P(yjx) P(X) x
EXY) = R Paix PO
No closed-formexpressiorwith generalizedsaussiaiprior, but numericakcom-

putationis reasonablyef cient.
[Simoncelli& Adelson,'96]
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Denoisinglll (GSM model)

Z

dz P(7y) IE(Xy; 2)
Z

dzP(zy) ZCy(ZCu+Cw) Yy ,

IE(X}y)

where

. . _
P(ziy) = R P(¥j2) P(2) exp(_ ¥ (zCy+ Cy) y=2)

= R : : P(viz) = e
PG P@ (2D)Nj2Ca + Cul

Numericalcomputatiorof solutionis reasonablyef cient if onejointly diago-

nalizesC, andC, ...

[Portilla et.al.,'01]
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DenoisingSimulation:Face

noisy
(4.8)

lI-marginal
(11.98)

- Semi-blind(all parametergstimatedxceptfor s,).
- All methodsusesamesteerablgyramiddecomposition.
- SNR(in dB) shawvn in parentheses.
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I-linear
(10.61)

[1I-GSM
nbd:5 5+ p
(13.60)
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DenoisingSimulation:Fingerprint

original

softthresholding
(17.5)

- PSNRshawvn in parentheses.
- Both methodausesamesteerablgyramiddecomposition.
- Jointstatisticscaptureorientedstructures.
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noisy
(8.1)

GSM
(21.2)
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DenoisingComparison
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PSNRimprovementasafunctionof noiselevel, averagedverthreeimages:

- squaresGSM
- triangles:MatLabwiener2 optimizedneighborhoodiee, 's0]
- circles: soft thresholdingpptimizedthresholdponoho, 95]
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ExampleTexture Types

structured random periodic 2nd-order

Canwe derwve a statisticalmodel(and samplingtechnique)o represenall of
these?
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Capturegeriodicity,
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SynthesisGaussiaimodel
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SynthesisWaveletmaminal model

Capturesomelocal structure.
[Heeger& Bemen,'95]
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[Portilla & Simoncelli,'00]
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SynthesisGSM model
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