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Summary Tracking with Occlusion Reasoning o 1: Init. T, h, (degeneracy mask), h, (occlusion mask)
e Observation likelihoods 2 h+ h,Vh, v+ 3% h(i)/q
* Problem: occlusion detection and handling for = Tracking with an occlusion mask only by unoccluded parts: 3 While the target is in the scene do
visual tracking Ay, - T’ 4 My <7 then A A
- 03, = exp( yl'. T ) 5: Apply h to {yl,..A.,yf,,,i}—>{Xl,...,ym}.
= Contribution: explicit occlusion detection by a H dim y, 6: z[ApplAy] h toLTT—> '];{(:{A[tl, . tn]} N
: . e - . : - 7: y*,c| < Li_Track({y1,-.-.,Ym, :
sggle I(:Iass;fler,tyvhlch |Is Ie.arn(:| btasid on likelihoods | + Tracking results: " Eo?})pute él(ll’;“g/-lq} ]iased on y* and T4;..
« Simple and active occlusion detection : . 5. [, 9: o(i) < C(ly), Vi=1,...,q.
P . . . Vi, . YV} ’ Vi) Vi } T l* s miaX£(yl) gl te—y 10: The occlusion ratio v, < > i, h,(i)/q.
» Not perfect, but improving tracking performance y* =y, - 1 B |]Y" — bugmaxa,]| > € and 7o < 7o then
significantly = Occlusion reasoning by classification 2 T« TemplateUpdare(y”, T)
» Universal classifier for occlusion detection _ : : e : o i Fla KR ¥
Reconstruction of y Patch-likelihoods 14: end if
Y j h,, for the iz elSIt:redict the target state x, with motion prior
SR ; : likeli ext time ste | 7 '
L; Minimization Tracking ateliKeinonds P 7 [Yorco] & Li_Track({yo}, T)
or the j-t Ce_I_- h, () 18: Compute {1y, ...,1,} based on y, and Ta,,.
. . . 0, . :
= Particle filter + sparse representation [1] L= ey =cl)| ™ zlqt(}) —Ol), vi=1,....q
C .. CClusIion 20: end 1
 Dictionary = target templates + trivial tgmplates classifier. € = 21: h+ hyVh,, v+ X% h(i)/q.
target templates T positive trivial templates I  negative tmgai templates -1 . ) 22 end while
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| _ Learning Occlusion with Likelihoods D e _JINLESRE
e Observation based on sparse representation - H Ao g
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a oo | modeling patch-likelihoods:| 1raining dataset Layout of the patches
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= Simulation

Aly; — Ta;]|? likelihood label L= ]
t(y;) = exp( dim y, ) Occ. masks, {h?} O vector € {0,1} i RESEAS
l
Experiments = Tracking results: [l L1TOR(Ours) [ L
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The quantitative comparisons
of 4 occlusion reasoning
algorithms over time:

* ORR — random guessing
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e L1 minimization tracking + groundtruth
occlusion masks with simulated errors
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e Decent occlusion reasoning improved =t e | el—inem ORM — one cell likelihood
tracking performance significantly. Jl—ous [ . —ous R | « ORC — more conservative ORM
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