Inferring "Dark Matter” and "Dark Energy” from Videos
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Localizing functional objects in surveillance videos Inference of 3D planes, dark matter locations,
constraint map, and people's trajectories.
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A Functional objects can satisfy human needs:
= hunger: food truck,

= thirst: vending machine,

= rest: bench,

= cleanliness: trash bin. SRS T I 37 333
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1 People have intents to approach "dark matter”

-

"Dark matter"” is at the ends of people’s trajectories

Constraint Map: P(C)xexp[BY . cx xweaxna c(X)e(x’)]  Human Goals: P(R|S) = [T, 67 b =S 1(riy; = 1)
Challenges: \ ) \ R = {r;
= {1y,
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= Tracking people in surveillance videos is noisy. Ising Multinomial

c(pj)+1 1—c(pj)

= Not all end points of the trajectories observed. Dark Matter Locations: P(S‘C)O(%e—n Hj\le p— 2 (1—p) 2
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Approach Poisson  Bernoulli 4

Assumptions:

 Scene layout consists of:
oDark-matter locations,
oWalkable areas,
oNon-walkable areas + obstacles = Constraint map.

Trajectory:  P(I';|C, S, riy=1) = P(Lij| Fyj(x)) oc exp[=A Y [[Fi; (x(t))|]-]|Ax(1)]]
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Posterior Distribution: p(C S R T'\I'Y) 1) x P(C, S, R) H%l EN P(I';;|C, S, ri:=1)

* People:
oFamiliar with the scene layout,
oMove only to one goal "dark matter” at a time,
oTake the shortest path to the goal avoiding obstacles. MCMC Inference
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Allows a global estimation of the trajectories' end points
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Partially observed trajectories, appearance features

Trajectory prediction
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MCMC samples of constraint map (gray), dark matter locations, human goals and trajectories (warm to cold colors).
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Given a video with partially observed trajectories of
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d Human mind = Intent to approach a particular "dark matter”,
d Constraint map of the scene,
O "Dark energy” = Vector field that attracts/repels people

A End points of the trajectories = "Dark matter” locations.
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Agent-based Lagrangian Mechanics
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