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RESULTS

We propose a particle filter framework to automatically track and detect contours in natural images. BSDS300 BSDS500
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Contributions include:
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Feature distributions: Initialization:

Local gradient

(k) 1
p1 > fi(eg 5 ¥o)) x Likelihood x Prior

| l:£ P
. = p(yoleo) X p(eo)
Textural gradient
k
Transition P(p > f2(eé )v ¥5)) with J

p(eolyo)

IR0 p(yoleo) = | | p(yileo)
e, e
plerlei-y) Profile gradient j=1

P(us > f3(el”,y3)) p(ygleo) o< exp (= NP > fi(eo,¥3))

=3, P(u; > fi(ei—1,y]_,)) if ¢; = jump,
1 — « otherwise.

Init p(et|yo) if ¢ = jump,

Transition p(ey |e§71)1) otherwise.
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