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Motivation

1. Event cameras offer many advantages over standard . del v = 1x vy = 8x v=1x v = 8x
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efficient & effective scene representation, where Neural Alog L := log L(w, tcyrr) — log L(u, tmf) = pC, EvNeRE X 27.72 0.935 0.087 24.42 0.895 0.155 8.07 0.841 0.260
""" v 2743 0911  0.123 2366  0.826 0.6l 1543 0708  0.441
: - - - - +1 0 _radi ' : x 2819 0945  0.057 28.14 0946  0.058 2823 0947  0.057
Radiance Field (NeRF) is seen as the leading candidate . % Reference |og-radiance timestamp: Robuste:NeRE 2817 0946 0.051 2791 0946 0.054 2819 0948 0.049
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2. Non-idealities: Pixel-to-pixel contrast threshold variation ac, (i.e. noise) Ty — P y— Y —
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X Affine-corrected log-radiance prediction: log L.y =a ®logL + b 3
(¢) Sparse and noisy events (left), and their (d) Non-uniform-speed camera .

projection onto the xy-image plane (right). motion. Gamma-corrected linear-radiance prediction: L., = (expb) L



