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model: Ev-SegNet [Alonso, 2019]

Foveation methodology
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nerformance of semantic segmentation with respect to the amount of event data used, to demonstrate the stakes of foveation.

Dataset: DAVIS Driving Dataset 2017 [Binas, 2018]
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Experimental results

Visual representations of DDD17 samples:
accumulated events (top) and Ev-SegNet segments (bottom).
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Semantic segmentation accuracy according to the number of events (top)
and its evolution according to the percentage of total events (bottom
In the dataset after processing
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