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| ow-level vision

Extract dense fields (intrinsic images)
— Surface interpolation: value of every image pixel
— Optical flow: motion of every image pixel
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| ow-level v

tly constraint

data insufficien

Generally ill-posed
solution
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Regularization

e Energy minimization
E(u) =(1—=MNEi(u) + AE,(u)

e Data compatibility
Eq(u) = % Z cilu(ws, yi) — di]?
e Smoothness (15; order)
E,(u) = %//(ui + u; )dady
Discretization



Bayesian modeling

e Bayes rule

p(d[u)p(u)

p(uld) = p(d)

e Sensor model pdju)
How to generate data from unknown

e Prior model »(w)
Prior information about unknown



Prior model

e MRF: conditional independence

pllu) = P(ufH“,r})a Jj €N;

e Gibbs distribution

p) = o exp(~E,u)/T,
P

Eu) =), E(u)

ceC

e 1st order smoothness

E{(ij),(i+1.5y (W) = (Wig1j — uij)?

Yo




Sensor model
e Single-cligue MRF

pdu) = = 7- exp(~Eq(u, d)
Ed(“i d:' =E E:j(un d:}

e Quadratic penalty implies Gaussian noise

( ( iy 2 di s
p(d,|u) = ﬂﬁ, E‘?{P[ — Jj;ﬂ,z ) ]




Sensor model

Contaminated Gaussian
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Sensor model

Contaminated Gaussian: energy function
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Fig. 5. Constraint energy for contaminated Gaussian.



Posterior distribution

 MRF too

pla) = PAWPW) _ oy

E(u) = E,(w)/T, + E4(u, d)

e MAP estimate same as energy minimization

e Bayesian modeling provides more



Optimal estimation

e Minimize loss function
(Ly= _[L{_H,H o (u|d)du

e MAP estimation (negative delta)

(Ly= I =68 (u,u")p (u|d)du

Wrong estimates equally bad



Uncertainty

Variance at each point (2"d order statistics)

var () = o} = f w; — u;)? p(uld) du

—
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Fig. 8 Cubic spline with confidence interval. The vertical lines are
the error bars (1 standard deviation) around the data points, and the
dashed lines are the confidence interval for the whole curve.



Uncertainty

i
D

W\ \\\\\\\\‘0’0,14{/{,”, A
w7 oy by
NN

(RO "‘
Loleteledelele, &
(LRSI “‘
..‘0:0:0*0.0’0‘0* X
e tele:
'I.‘.*.::.:.:.:e, KRS
[ 0N
gy
.l"’:’o’ ‘4-:4&:0 Il
l||.~|’:«: )

MAP estimate Variance field



Sample

e Analyze models by generating samples

e Gibbs sampler

— Update each state variable by randomly picking a
value from local Gibbs distribution

plu;]u) = %exp(—@(usluyfrp)

1storder smoothness (“membrane” model)



Sample

Use sample to estimate uncertainty by Monte Carlo
method

var (u;) = o} = f ; — u;)? p(uld) du
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Single level, 1000 Multiresolution, 100
iterations iterations



Dynamic models

Linear dynamic system ...



Regularization parameter estimation

e How to balance data and prior term?

pu|d) o« exp — [Eq(u, d) + E,(w)/0}]

e ML estimate
p(d) = [2z(HPH" + R)|~!*
exp [* %dT(HPOHT + R)‘ld]

Py' = 0,%A,



Learning model parameters

e.g. optical flow



Optical flow

Motion (displacement) of image pixels




Problems

e Ad-hoc choices, hand-tuned parameters
e Can we learn models from training data?

Ground
truth
flow

Mlddlebury optlcal flow benchmark (Baker et al. 2007)



Standard Bayesian formulation

u: Horizontal flow Vv: Vertical flow

I:: Firstimage I2: Second Image

p(u,v|I,Is) < p(Iz|u, v,I1)p(u, v)

—

N

Data term

How second image can be

generated from first image

and flow field
/

/N

Spatial term

\

Prior knowledge of

flow field

N

_

E(u,v) = Ep(u,v) + AEg(u, v)



Brightness constancy (BC)

ED(U, V) — Zp([l(l,j) — IQ(Z + uij,j + vij))

» Penalty functions p (for linearized BC)
— Quadratic (Horn & Schunck)
— Charbonnier (Bruhn et al.)
— Lorentzian (Black & Anandan)

e \Which one should we use?



Brightness constancy

Ep(u,v) = Zp(h(i,j) — I (i + w5, + vij5))

Probabillistic interpretation

pBC(I2‘u7V7]:1) X eXp{_ Z :0(11(7'7]) — 12(2 T u’ijaj + vij))}
(2,7)

|

pec(I2lu,v,Iy) oc || ¢(11(4,5) — Lo (i + wij, j + vij))
(4,5)

¢ = potential function



Brightness constancy

pec(I2lu,v,Iy) oc || ¢(L1(4,5) — Lo (i + wij, j + vij))

: . 1,7 ).
Histogram from training d(atg )(|mages + ground truth flow)
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Brightness constancy

ldea: Fit the histogram (Gaussian Scale Mixture)

~50 0 50

I (¢, 5) — I2(% + wij, J + vij)



Spatial term

e Smoothness expressed by canonical derivative

ESu Z ,0 Uj, 541 — uzy) T P(uz+1,3 uzy)
(4,7)

Penalty functions and parameters?

e Probabilistic interpretation: Pairwise MRF (PW)

pPW H Qb Ui j4+1 — uzg) ¢(ui+1,j _ uij)



Spatial term

PalrW|se MRF (PW) model

pPW Z (1_[) Cb Ui j+1 — Uzj) ¢(Uz’+1,j - uij)
1,]

Approximate ML learning by contrastive
divergence (CD) algorithm (Hinton2000)
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Conclusion

e Bayesian modeling encompasses
regularization

e |t also provides
— Uncertainty modeling (2"d order statistics)
— Sample to validate model
— Optimal estimation (loss function)
— Regularization parameter estimation
— Learning model parameters
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