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6. Preliminary results
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Results analysis

o - Domain adaptation improves results qualitatively and quantitatively
| (j"i B - The inclusion of the third dimension provides greater spacial

N coherence, which is reflected in improved label scores
Florent Imbert - The hovering trajectory is not sufficiently well reconstructed, so we

IRISA, Université de Rennes, INSA Rennes want to fill this gap with a hybrid loss.
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