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— Javed et al.(ICCV’03): tracking across non-overlapping views.
— Mittal, Davis (IJCV’'03): region-based stereo (calibrated cameras),
good for indoors only.
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* Our approach & Motivation
Top-view ground

— Tracking people’s ground points and Segmenting blobs using plane
overlapping views, ground-plane homography, occlusion analysis.

Interesting fact: the homographic images of all the vertical axes of

— Robust multi-view integration from imperfect segmentation
— Exponential increase of state space # targets, # views ->Searching

the space by several iterations of multi-view ‘segmentation’

a person across different views intersect at (or are very close to) a
single point (the location of that person on the ground) when
mapped to the top-view.

— Monitoring crowded spaces: building entrance, store, casino, etc.

Severely occluded blobs does not account for integration
Works even when the ground point of a person from some view is
occluded.

Comparison
— Deterministic only: Persons 2 and 4 are good, but
cannot recover lost tracks

Foreground segmentation Extension to particle filtering framework

— General particle filter: cannot follow true ground
points well (due to occlusion)

Initially, all methods are good.

- Bayesian pixel classification + Occupancy probability + The ground location of the object in the top-view: s=(x,y) framed07
- k:class, x: pl;e(lk)P( 0 0, (I (%), w, (X)) = P[w, (x) < W (h (x))] + Arandom walk dynamics (zero mean Gaussian)
X
Pk1x)= T =1-cdfy, (W, (x) + For multi-person tracking: a combination of N, single-person states.
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