DELTA: Dense Depth from Events and LIDAR using Transformer's Attention
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Qualitative results on the MVSEC dataset
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Motivation & Objectives

. A LIDAR and an event camera offer complementary information

. Can we combine the projected LIDAR point clouds with high-rate temporal windows of event data
to estimate accurate dense depth maps at a higher rate than the LiDAR input?

Quantitative results on the synthetic SLED dataset [3]
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