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Visual Learning and Gibbs Reaction-Diffusion

Song-Chun Zhy
Computer and Information Science Department
Ohio State University

Motivation

The input image  The restored image

® How to compute or restore the background image?

® How to represent clutter-structured noise?

e Applications: Image segmentation, ATR ...



Why Visual Learning?

) We assume:

Iobs =14 |
f I is the input image, I" is the noise image, and I is the image to
recover.

By Bayes Theory:

. p(II) o< p(I%(Dp(1)
| = p(I"[D)p(D
= p(I")p(D

We assume p(I*|T) = p(I") for a given environment.
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What Is Visual Learning?

Given a set of training images, such ag trees,

Il) I27 sy IM

We assume these images are random samples from an unknown distri-
bution py,(I). The goal of viusal learning is to estimate a distribution

p(I) which we call the MODEL so that p(I) is as close to Pirue(I) as
possible.

Questions:

® How to estimate p(I)?

® How to measure the distance between P(I) and piry(I)?

How to estimate p(I) ?

The estimation iterates in three steps:

L. Select a set of features § — {FL,F, .., Fn}, we can measure the
statistics pgb, us, ., 12 extracted by F1, Fy, ..., F. and averaged
over I, Ip,.... 1,

2. p(I) is constrained to reproduce the observed statistics so that as far

as the features {F,, .., F,} are concerned, we cannot distinguish
2(I) from Dirue(I).

3. The distance between P(I) and pyyo(I) is measured by summing
the distance between 1% and g3 for those F k& S.

The whole process is guided by a minimax entropy theory.



Gibbs distribution of images

The Minimax entropy model - (b, wu, Mumford 1996)

p(I;A, §) = e TS

with potential function

U(I, A, S) = % Z)Az(Fz * I(z,y))

iL_

=1 (zy
- o5 = {Fl,Fg,...,Fn}
o A ={ N0 A0} A I8 approximated by a piecewise-constant

function — a vector.
i
. Gibbs distribution of images
— The learned potential functions,
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Image restoration

Diagram for removing clutters.

image pyramid image pyramid clutier features
for targets for clutters

target features

target image clutter image
{ output ) ° ( residuals }
vud image
Computation

Minimizing the potential by gradient descent,

L= S 6o+ £ Frugl(Rad

i:nd+1
IO = IDbs: F;_(-?L', IU) = ‘E(”wr _y)

Generalizing the divergence

diV:Fl_* +Fy % o Fx

n

View = (610, s 6,0 ¥ 4101 ooy ()

I = div(\JP
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Gibbs Reaction-diffusion

Stochastical diffusion-the Langevin equation

dIt = —VU(I)dt + \IQT(t)d [ U4

w(way:t) ~ N(lfa(iﬂay),\tl), dw; = \/EEN(O:U'

Proposition

Under mild conditions on U, the Langevin equation approac
global minimum of U at a low temperature.

hes a

Previous work

1. Reaction-diffusion for pattern formation.

— Turing 1952, Murray 1981, Turk 1991, Witkin and Kass 1991

Let A(z,y,t), B(z,y,t) be chemical concentration,

%’; = D,AA+ Ry(A, B)
%‘?— — DyAB + Ry(A, B)

o A= —3%22 + 535@ is for diffusion.
e R,(A, B), Ry(A, B) are for the reaction. e.g.,

Ro(A,B) = A*xB—A—-12
Rb(A,B) = 16—A*B



Pattern formation

Pattern formation by Gibbs reaction-diffusion

synthesized leopard blobs and zebra stripes.

L

]
‘ ) oy
elecsnse

ro @
'
'C
ale




11X,

1 S

S BN &

ik

i

Previous work

2. Anisotropic diffusion

— Perona and Malik 1990, Nitzberg and Shiota 1992.

I, = div(c(z, y, t)VI), I(z,y,0) =j10.

e.g.

21)

1 1

+ (I,/b) "

It minimizes

U(I) = [ [9(V.]) + 9(V,1) dzdy,

kD ]

B(E) = log(L+ €/ V(0 = i
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(Gibbs Reaction-diffusion

The potential function for diffusion,

1

P(€) = a(l — W)
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Clutter Removal by GRADE

the input image

the restored image



the input image  the restored Image

Image Restoration by Anisotropic Diffusion

Perona-Malik anisotropic diffusion
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Discussion

Problems with previous methods:

e Why applying the chemical/ physical equations to image processing?
e The design and choice of the equations 18 subjective.

e The reaction terms are unstable/unbounded.

Advantages:

o Reducing PDE design to statistical modeling.

e Learning and verifying the PDE for a given application.



