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e Model data likelihood of pixel u in object ¢; with mixture distribution,

plu8) = agexp (=P )+ (1= ) plpe, (3

o
where 1., is the SDF of object ¢; and p; := T(&;) 7 '(u, D(u)).
e Association likelihood as data likelihood normalized over all models:
p(u|c,0)
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Aim: Vision-based 4D representations of dynamic environments for control and planning.

o /

Problem: Segmentation, mapping and pose estimation of moving objects and back-
ground from RGB-D images. Tracking (M-Step)

Instance detection and segmentation

- — Mask R-CNN[1] |-

initialize or match

e Minimize distance of measured points to implicit surface represented by ob-

ject SDF,
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