| loU

Luetal.[23]| 8.8

Roddick & Cipolla [36] | 24.7
Philion & Fidler [29] | 32.1
Canetal.[5]| 36.0

Ours FRMOCT | 16.4
Ours ATFWRp | 34.0

Table 2. loU scores (%) on theuSceneslataset. We report the

scores from the original papers.

to implement and employ a light architecture easy to in-
spect. The related approaches adopt heavier neural net-
works which exploit additional information, like temporal
data [5], multiple cameras [29], and camera geometry [36].
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