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lot and parked for a long time). This can be achieved by
simply considering a “temporally persistent” group of out-
liers as a completely newdepth-orderedbackground layer.
Further work in this direction will be reported elsewhere.
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Figure 5. Large amount of water ripples present a challenging situation for foreground, reflection, detection (see uploaded video). Original
frames are shown on the top (#0, 47, 62, 89) along with outliers on the bottom.

Figure 6. Trees swaying with wind along with camera tilt and panning are very difficult scenarios for background modelling (see uploaded
video). Outliers are shown in the center row, while the propagation of various layers (indicated by different scales of gray) is shown in the
bottom row.


