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Roth and Black, CVVPR 2005
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e 47243 (Clutter Removal )

Zhu and Mumford PAMI, 1997.
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Zoomed low-resolution Full frequency original

Bill Freeman ICCV99

Low-resolution
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= Given two images, estimate depth at each
pixel
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= Given two images, estlmate motion vector
at each pixel
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Collection of n sites S
Hidden random variable x; at each site |

|_abel set L
— Each site takes on label | € L

Neighborhood system N
— N; neighbors of site |
— Explicit dependencies between neighbors
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Hidden random variable x; at each site |
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Random field with Markov property
P(Xi| Xgi) = P(Xj] Xpi)

— Where S\i denotes set S excluding element |
Conditional probabilities depend only on
neighborhood

— Probability of x; taking on some value same given all other
nodes as given just neighbors
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Image patches
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P(x, ) };H‘ﬂ(x, 100y

e Scene-scene Image-scene
image compatibility compatibility
function function
neighboring local

scene nodes observations
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o LT MRFME 32 70 4 A 74 4 22 At L4
HW K. Jo& BT & R KA.
— Gibbs sampling, simulated annealing
— lterated condtionalmodes (ICM)
— Metroplis sampling
— Variational methods
— Belief propagation
— Graph cuts
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o K5 IEMAA:
« UGM: A Matlab toolbox for probabilistic
undirected graphical models

o W 3t: http://www.cs.ubc.ca/~schmidtm/
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o & 77 #2 Specifies how objects move between frames
« N7 F2 Specifies the likelihood of an object being in a
specific state (i.e. at a specific location)
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o kT UE UK 2R A7 B A a set of weighted particles
approximates the filtering distribution
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p(Xt-1|Z1:t-1) posterior pdf for time t-1

Xt-1

p(Xt-1|Z1:t-1) = {¥eat, we (7}, monte carlo approximation at t-1

»Xt-1
prediction step P(Xi X1 ™)
» Xt
T
update step / \ P(Z¢| X7
—‘—‘—w o > Xt

p(Xt|Z1:t) = {4, wil™}, monte carlo approximation at t

p(Xt|Z1:t) posterior pdf for time t
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[1]Z. Khan, T. Balch, and F. Dellaert. MCMC-based particle filtering for tracking a
variable number of interacting targets. PAMI, 27(11):1805-1918, 2005.

[2] T. Yu and Y. Wu. Collaborative tracking of multiple targets. In IEEE CVPR, 2004.
[3] Lejun Shen. (appear soon! )
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* Khan et al., “MCMC-Based Particle Filtering for Tracking a Variable Number of
Interacting Targets”, PAMI, 2005.
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Figure 4: MFMC tracker: 3 tennis in a synthetic video. The blue links among the targets illustrate the structure of the ad hoc Markov
network. Details please see Tennisl MFMC.avi.

W

Figure 5: M.i.T. tracker: 5 tennis in a synthetic video. Details please see Tennigl MiT.avi.

T. Yu and Y. Wu. Collaborative tracking of multiple targets. In IEEE CVPR, 2004.
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