Updating Human Pose Estimation using Event-based Camera to Improve Its Accuracy m SIGGRAPH 2023
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1. Adaptive event buffering :

Buffers N, events by a fixe number of events. Jo=s R J: R
2. Event limiting :

Extracts only the necessary N; events.
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3. Dense optical flow calculation :
Estimates the dense optical flow F,,,_1 ., from

Red : pose at completion of pose estimation Purple : pose in the process of updating
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Baseline : Pose that was not updated (Red pose In Results)
GT : Next pose estimation output (Next red pose In Results)
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