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Assumption 2: Degraded = WM -
Transmission
Images are randomly

generated from the original Qr}g,r;m Sreun
Image by according to a Image Estimate  !mage
= conditional probability of : -
degradation process. Assumption 1: Original
Images are randomly

Bayes Formula generated by according to a
prior probability.

Posg\erior

fDr{OriginaI Image | Degraded Imagej»

Degradation Process

iDr{Degraded Image | Original Image }Pr{Original Image}
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DEX-SMI Information Processing

Assumption: Prior Probability is given |j— Posterior \
as the following Gibbs distribution with | it

DegradationProcess

the interaction a between every nearest « Pr{Degraded Image | Original Image}

neighbour pair of pixels: , o \
Pr{Original Image}

f .State ;/ariable f < {O 1 q 1}

i of Light Intensity at i-pixel

/= (f]:fp "o 2/(IIZ)T (?:'zg)ii‘g/:;:\(:rlmage p:O: q-State
V=1{1,2,3,4,5,6,7,8,9,10,11,12} Set of All the pixels Potts model
E ={{1,2},{2,3},{3,4},{5,6},{6,71,{7,8},9,105,{10,11}, 11,123, P=2: g-I1sing model
{1,5},{2,6},{3,7},{4,8},{5,9},{6,10},{7,11},{8,12}} (Discrete Gaussian
Set of All the Nearest Neighbour Pairs of Pixels Graphical I\/Iodel)
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DEX-SMI Information Processing

Pr{F = f | p,a}= P(f\p,a)z Z(; a)exp(—%a Z‘fi - fj‘p]

{i,j}eE

a*:argmaxlnPF{F — f*l pia}U(p a*) = U*

= Mandrill

e

‘:  Mandril
0.5 , v
| | < | ! ELena /8% | * ~—Lena
0

0 1 2 3 g4 5 0 1 2 344 5
In the region of 0<p<0.3504..., the first order phase transition

appears and the solution a. ™ does not exist.
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Prior by Conditional Maximization of Entropy <38 mmkm%cmm
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Information Processing
Assumption: Prior Probability is given by the conditional
maximization of entropy under constraints.

Pr{F = f | p,u}

DEX-SMI

= arg max —Z P(z)InP(z)

P(T)

Lagrange Multiplier

ZCXTETY A ( anfj

Repeat until
A converges a(p,u):Ach\/ ulE ‘[Z Z‘f _WT (f\p,A)

Pr{F = f | p,u}= P(f\p,a(p,u))=

]

I,j}cE f

| Loopy Belief Propagation
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Sy proach to Probabilistc
of Entropy in Bayesian Image Modeling o o PO TP

Prior Probability
Pr{F = f | p,u}= P(f|p,a(p,u)]: 20 :(p u))exr{_

Repeat until M, CZ(HMH,Jexp[——AU—f\ j(Vi,j}eE)
A converges |

i

Computemarginals B; J}(f f.|p C)ln LBP by messages M

2 Z‘ fj‘p[:){i,j}(fw fj|va)

U| |{| i}eE f

a(p,u)=A< Ax\/

2.5 ! . || || |
5 g=16 p=0.2 5 g=16 p=0.5 -
u ‘
1.5 1.5
1 1 .
& Mandrill Dlandril
0-5 - Lena ~Lena
0
0 1 3 4 5 1 2 3 4 5
* * a(p,u) a(p’u)
O <« (a(p,g )u_) gL S (= £
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DEX-SMI Information Processing
Log-Likelihood for
p when the original
image f~ is given

|InPr{F =f"|p,u’}

) 2|1

{i, j}cE

|
Free Energy of Prior |

IO[—In Z(p,a(p,u*))

=—%a(p,u*
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Degradation Process in Bayesian Image Modeling

Wmﬁcamtmml
Approach to Probabilistic
nformation Processing
Assumption: Degraded image Is

— generated from the original image by

Pr{Original Image | Degraded Image} | RCALOCANAI CRELTTRS ETp R[] RC3
Wm cess o
.

Pr{Degraded Image | Original Image}
Prior

xiDr{OriginaI Imagej»

Original Image
gf]z': Pr{G=g|F=f,o—}g :
@xm@ﬂmdm oc LIEXP(— 2(172 (9 - fi)zj

@ :Pixel of Original Image o>0 P o 128
=iy e ofi2)"

B :Pixel of Degraded Image /
8=(88y - 8y)"
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Approach to Probabilistic

Maximization of Entropy in Bayesian Image DEX SMI oo P

Posterior
Pr{Original Image | Degraded Image}

Deg radatlon Process Pnor

oC Pr{Degraded Image | Original Image}x Pr{OrlglnaI Image}

(Z: Z‘zi—zj‘pP(z)zu\E\
= arg maxs- —Z P(z)InP(z) | * i<k

0 > > (z-9)°P(@) =’V

N Lagrange Multipliers
Pr{F = f |G =g, p,o,u}=P(f|g, p'B,C)

T T D MUEEVEE )R

Z(g, p, B,C) 28BS JeE

lo?=B and a(p,u)= Cjt—| Bayes Formula [«
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Posterior Probability and Conditional agse mm. Mearicl

. . . . . P Approach to Probabilistic
Maximization of Entropy in Bayesian Image DEX-SMI Inormation Prcessin
Modeling

Posterior
.

Pr{Original Image | Degraded Image}

Degrad atlon Process Prlor

oC Pr{Degraded Image | Original Image}x Pr{OrlgmaI Image}

P(f\p,C)ocexp(—%C S|, - fj‘pj

{i,j}eE

terministic Equations for B, Cand u
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Noise Reduction Procedures Based on LBP
and Conditional Maximization of Entrop

Statistical-Mechanical
Appmach to Probabilistic
Information Processing

L= A= o[y

Input p ~_ Repeat until C and M converge

and data g {| j}(f fj|p C)C M sz HMk—>J Xp __C‘f - 1 ‘ j
Repeat \/

! C<Cx (f. i [p.C
until u, B and L uE |{.§Efzzj‘ Gpfenlt le.C)

| -

converge ¥ |
1 5 1 p\lVieV
ﬁ |_j_)iC;(kle;[\iLk_)j]eXp(—zmjlB(fj_gj) _Ec‘fi_fj‘ ](vjeéij

Computemarginals P, (f f;|9,p,B, C)and Pi(fi\g, p,B,C)by messages L

ucﬂ{z}e ZZ\f =+)°P,(f,, f,|g, p.B.C)
InPr{G =\g{ip, 5. u} BC_Z(fi_gi)ZDi(fi‘g’p’B'C)
=In Z(g, p,é‘z,a(p,ﬁ)) M *
1 .
_lnZ(p’“(p’u))}g’v“n(ha) & <=+/B,i=u, a(p,i)<=C
p=arg e PG =glp.o.u} fAi(g’ p) < arg max Pi(fi|g1 P, B’C)
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Or||nal Imae Deg raded Image

02040608 1 1.2 1.4p1.6 1.8 2

Restored
Image
p=0.5
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Segmentation based on Bayesian Image S %ﬂgm&vmm
Information Processing

Modeling by Gaussian Mixture Model DEX-SMI

eV K
7)=arg max P(g\,u, G, y)

5.7)= ZP(

H(yopowi)+m<gi>+---+yq_1pq_1<gi>)

gu, o, J’) u(q-1)

2
_ 1 g — .
pi(9)= Ner exp[z( o J ] g:Original Image

f:Segmented Image
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. - - - e322e list
on Generalized Sparse Prior in Bayesian DEX-SMI o e
Segmentation

T

ﬂ:(ﬂo’ﬂli”"ﬂq—l)

T
O':(GO’G:L’... Gq 1)

4 2
oc eXP ——Z[ J ——C Z‘f—f‘J
. f

eV {i,j}cE

P(f\p,C)ocem(—%C Z‘fi—fj‘pj

{i,j}eE

> =1 P(flg, p.C p.0)

[ g:Original Image
e f:Segmented Image
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Segmented Image Segmented Image Segmented Image
Original Image g g=3, p=0.2 g=4, p=0.2 g=5, p=0.2
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Statistical-Mechanical
Approach to Probabilistic
Information Processing

Summary

« Formulation of Bayesian image modeling for
Image processing by means of generalized sparse
priors and loopy belief propagation are proposed.

« Our formulation is based on the conditional
maximization of entropy with some constraints.

« In our sparse priors, although the first order
phase transitions often appear, our algorithm
works well also in such cases.

« Numerical experimental results in noise
reductions and segmentations have been shown.
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