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/1 Examples of simple image fusion problems \

1.1 Fusion of registered images

G Basics of the Bayesian approach

e Data: D, Unknown: X, Model: D = M(X)

o Likelihood P(D|X)
e A priori P(X)
e A posteriori Pau»:P“¥2§“3mmpmme)

e Summaries:
Mean =X = E{X|D},
Mode =argmaxx {P(X|D},
Median =X such that P(X < X) = P(X > X),
Variance =V = E {(X — X)?}

Covariances =V; ; = E {(Xz - Xz’)(Xj - Xj)}’
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Decision theory:

e Cost function: C’(}?, X),

e Expected cost function: C(Z)=Exp{C(Z,X)}

~

e Best estimate X =argming {C(Z)}

e Examples:

C(Z,X)=(Z - X)? —s X =X=E{X|D}

C(Z,X)=1Z - X| —+ X = X = Median(X|D)
1if Z=X .

CZ,X)=0Z-X)= — X =argmaxyx {P(X|D}

0 elsewhere
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KA very simple modeling \
gi(z,y) = f(z,y) + ez, y), i=1,...,.M

e Hypothesis on ¢; — (il f)
e Hypothesis on f — p(f)
e Bayesian MAP estimation:
J = argmax{p(flgn,. ... gm)} = argmin {J(f) = ~np(flgn, -, gar)}
— Case of Generalized Exponential priors:

1 1
J(f) = Zpllgi — 1P + U—(g)”f—fo”a with |[f]|* = //\f(m,y)\"‘dfvdy

1
— Case of Gaussian priors (o = = 2):

~ 1 1 .
VJ:OHf:Z—A ZAZQZ+)\OfO>7 )\12—2, 7,:0,,M
77 i

~ 1
)\0:0,)\1:...:)\M:1—>f:MZgi mean

\— Case of Exponential (a =0, = 1): f:median{gi,i =1,...,M} /
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A more realistic modeling

gz(xay):hzf(xuy)+€z(xay)7 ’L:LaM—)g:hf_i_e

e MAP estimation: (f, ;\1,) = argmax ; p, {p(f,h|g}

~

h = arg max {p ]?,hg }
e An iterative algorithem: { ~ h ( 9)

f = argmax; {p(f, hlg)}
but may not converge to the right solution.

~

h = arg max h
e A two step algorithem: . 8 h {p(hlg)}

f = argmax; {p(f |k, 9)}

but needs integration p(h|g) = /p(f, hlg)df

which may not always be possible — EM algorithem.

N /

KOEM algorithem (an iterative algorithem for computing 7\1,) \

Q(h.h) = E {lnp(/, hlg)} = / Inp(f, hlg)p(flg, ) df
h = arg maxp, {Q(h, ﬁ)}

e Gaussian case:

p(f,hlg) o exp{~J(f, W)} with J(f,h) =3 —llg: ~ hif I + S ]|D S|
% 0

glh ~N(0,%,) with ¥, =hYsh"+ 3,
p(hlg) x p(glh) p(h)
e Particular case: p(h) uniform, £; = I and ¥, = 2T — FA, PCA (0? = 0):
— Estimation of ¥, with (X,); ; =< gi,9; >

- Ai—0o? X\ >o?
— A; = eigenvalues of ¥, and h; =
0 A < o?

o /




3 Fusion of unregistered images




/Registration and fusion of images
gi(ma y) = hzf ('73 + U(SE, Y, 0), y+ ’U(JZ, Y, 0)) + Ei(xa y)7 = 13 s 7M
Two global models (rigid body scene):

e Rotation, Translation, ...:

U Up cosf sinf ax
= + — 0 = (UOa,UO)Oaavﬂ)
v Vo sinf cos@ By

e Projective model of a 3D scene on a plane:

u =01 + 032 + Osy + 0722 + Oy
v = 0y + 042 + Oy + O7zy + Osy?
Example: 67 = 0 = 0 — Affine transformation
e MAP estimation:  (f, h,0) = arg max ; b, @) {p(f,h,0|g}

e Main difficulty: Optimisation with respect to @ which needs
k a global optimization algorithem.

11

f azargmaxo{ (fi\r, 0|g )}
e An iterative algorithem: h = arg maxp, { ( h 5\ g)}
f= argmaxf{ (f, h §| )}

but may not converge.

)
)

h,0) = argmax h,0
e A two step algorithem: (A )= arg (h, 0) r( 9}

[ = argmax; {p(f h,g)
but needs integration p(h, 8|g) = /p(f, h,0|g)df

which may not always be possible — EM algorithem.
e EM algorithem ¢ = (h, 0):

Q. 3) = E{lnp(/, $lg)} = / Inp(f, dlg)p(flg, #) df
a = argmaxh {Q(¢7 a)}

e Main difficulty: Optimisation with respect to @ which needs a global

\ optimization algorithem — Pyramidal multiresolution approaches

12
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Registration and fusion of images

13
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4 Compted tomography as an image fusion

gi(e,y) = / F@)dl+ ez, ),

i,y

gi(z,y) = [Hif (M](z,y) + e, y),
i=1,...,M

gz:Hzf-i‘G“ Z:]_,,M
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5 Image fusion problems in computer vision

%\

{1ifFeC = [H:f(M)(z,y) + ei(x,y),

f(r) =

N

0 elsewhere gi:Hif-i—ei:Hi(C)-l—ei, i=1,...

ki
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/ gi:Hif—}-ei, i=].,...

Hypotheses:
o ¢ iid~N(0,R,)
p(9;|f) = N(Hif, R.,) with R, =071
p(gil f;07) o< exp{—gz|lg; — Hif[]*}
p(flo3) o exp{~ 55 0(f)}
p(fl{gi0f,i=1,...,m},0%) o exp{-J(f)}

1 1
) =2 55710 HifIF + 5 56(0)

e MAP estimate ? = arg minf {J(f)}

e When ¢
e When ¢

—~

~

f) quadratic (Gaussian model), 7 is a linear function of the data 9g;

) non-quadratic but convexe (for example Generalized Gaussian
\ model), f is a nonlinear function of the data g,, but can be computed easily
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/6 Data fusion in computed tomography \

6.1 X-rays and ultrasounds data

F

|

20 40 60 80 100 120 140 160 180

Object X-rays Ultrasounds
o= (x,r) y=Hixz+ € z=H-r + €

x: material density,

r: reflectivity related to change of material density

/
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/Bayesian approach and hierarchical modeling \

=H;xz+e€
Y ' ' Data: (y, z) Unknowns: o = (z, )
z = HQ’I" + €2

p(o) = p(z,r) = p(z|r) p(r)
p(z,r|y, 2) < p(y, z|lz, ) p(z, ) = p(y, 2|z, 7) p(z|r) p(r)
e Conditional independence of y and z and Gaussian process for €; and €5
p(y, z|z,7) = p(y|z) p(2|r)
p(ylzso}) o« exp{—g2z|ly — Haiz||?}
p(z|r;03) o« exp{—5.z|lz — Hor||}

e Markovian model for x|r: z|r) oc exp{—adp(x|r)}

p(
K. A Generalized Gaussian model for r: p(r) x exp{—pv(r)}. /

19
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p(w, T|y7 z) & exp{—J(cc, 'r)}

1
202

. 1
with J(a,r) = o lly ~ Hye|? + o oyllz — Horl + ad(lr) + Bu(r).
1
e Joint MAP estimation (JMAP):

(z,7) = arg I {p(z,rly, 2)}

) = arg max {p(ﬁ(k_l), rly, z)}
z* T = arg max {p(:c, ?(k)\y, z)}
o Integrate out r and estimate directly « :
¢ = argmax {p(z|y, z)}
where

_ p(e|z,y) = ] p(, vz, y) dr y

20
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e First estimate r using z and y then use it to estimate x:

<

= argmax {p(r|z, y)}

€ = argmax {p(z[y,7)}

where p(r\z,y)z/p(w,rlz,y)dm and  p(z|y,r) o< p(yl|z)p(z|r)p(r).

e First estimate r using only z and then use it to estimate x:

=3

= arg max {p(r|2)}

Z =arg max {p(z|y,7)}

where  p(r|z) < p(z|r)p(z) and p(z|y,r) o< p(y|z)p(z|r)p(r).

N /
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KO Estimation of r using only z: 2z = Hsr + €5 \

p(r) o exp{—az r;|P} with 1<B<2,
J
# = argmax {p(r/2)} = argmin {1 (r2)}

with
Ji(r|z) = ||z — Har||? + A Z Ir5]P.
J

e Estimation of  using 7 and y: vy = Hix + €

7]

p(x|r) < exp{—q(r;) ¢p(x; —x;j—1)} with ¢; =1— m

€ = argmax {p(z|y, @)} = argmin {Jz(x[y; q)}
with

Ta(zly, q) = |y — Hiz|]” + X2 Y (1 - ¢;)d(xjt1 — ;).

N J /
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7 Fusion of radiographic and geometrical data

© = -~ = ©
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y = Hiz +e1 — p(yle) o exp{||ly — Hiz|"}

p(@|q) o< exp{—A1 Y (1 - ;) $1(w; — )}, p(a|s, ) o exp{—Aa D pij ba(w; — s5)}

#(u) = {2In(cosh(u)), 2v/1+u2—-2} or {min(u? 1), w?/(14+u?), In(14+u?)}

N /
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usion of radiographic and anatomical data in medical
imaging

object x sinogram data y  borders q regions s reliability p
y = Hiz + e1 — p(y|z) oc exp{|ly — Haiz|"}

p(lg) ocexp{-A1 Y (1)) (x5 — 5;)},  p(@ls, ) o expf{=Az Y p1; da(w; — s5)}

J

d(u) = {2In(cosh(u)), 2v/1+u2—2} or {min(u? 1), w?/(14+u?), In(14u?)}

/
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Proposed method

Given the data y and partial knowledge of g and s estimate by

z = argmax {p(z|y, g, s, p)} = argmin {J(z) = — Inp(z|y, g, s, n)}

J(xly,q,8, 1) = [ly— Hiz|>+ M D> _(1—q;) ¢1(zjp1 —25) + Ao Yty da(z; — 55)
J J
Algorithem:
1. Initialize ¢ = ¢(® and s = s(9 (and p = p(®)
2. Compute x by optimizing J(x|y, q, s, u)
3. Estimate new values for ¢ and s (and p) from 2 and ¢(® and s(®) (and ()

4. Return to 2. until convergency.

N /
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Fusion of radiographic and ultrasound data in CND
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/Reconstruction with exact regions and borders data
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Reconstruction with exact regions and borders data
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/econstructlon with errors in regions and borders data
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Fusion of radiographic and anatomical data in medical imaging
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Fusion of radiographic and anatomical data in medical imaging
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econstruction with errors in regions and borders
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int estimation of x and g
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Conclusions

Bayesian inference is an appropriate framework for data fusion.

Hierarchical Markov modeling is an appropriate tool for linking different
unknowns (properties of an object).

MAP estimation leads to optimization where the criteria are driven from
likelihoods and priors.

In our numerical experiments with anatomical data fusion in CT, the
nowledge of regions brings more than knowledge of borders.
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f Future work

Algorithem:
1. Initialize ¢ = ¢(® and s = s(9 (and p = u(?)

3. Estimate new values for q and s (and p) from z and q¢(®) and s(® (and ()

4. Return to 2. until convergency.
e Better joint estimation via MCMC algorithems

p(@; q; s, ply) x p(y|z) p((q) p(q) p(z|s, 1) p(s) p(u)

T ~ pzly,q,3n)
qa ~ p(qly,=,3 1)
s ~ p(sly,z,q,p)
B~ pply,=,3,9)

~
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