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Improve the density or reconstruction.
Reduce the depth uncertainty.

Approach

Optimize the spatio-temporal consistency of events across

Motivation: Address the problem of stereo
3D reconstruction for VO/SLAM using
event cameras alone.
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Goal: Unlock the potential of event cameras 2 D asms
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Time-Surface Map

Temporal residual
Replace or remain

What Is an event camera?
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Inverse-depth uncertainty:
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« Qutput Is a stream of asynchronous events.
 Advantages: low latency, no motion blur, HDR.
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. I Geometry of the problem and solution
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Stereo event-camera setup Cost along optical ray
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3D Reconstruction

* Optimizer: Gauss-Newton method.

NN 165 B I I R SO Depth range 2.76m 4,96 m 5.74 m
PRI W e 5 € Spy Mean error 0.03m 0.13m 0.33m
Events on the left view oA . Our Method Median error 0.0l m 0.05m 0.11m
Cost function: Left Time-Surface Map Relative error 1.17 % 2.65 % 5.79 %
2 Mean error 0.05m 0.99 m 1.03m
C(x,p) = 15— Tsespy || Tere(1(0)) ~THigne (x2(p))
ISRV | SeSRvu lefti™1 righti=2 Hz FCVF (PAMI'13) Median error 0.03m 0.25m 0.11m
Best | denth: o o Relative error 1.84 % 20.8 % 17.3 %
; estinverse depth: p* = argmin, C(x, p) Mean error 0.08 m 0.93m 1.19 m
% + p* maximizes the spatio-temporal consistency of events. SGM (PAMI'08) Median error 0.03m 0.31m 0.20 m
Inverse Depth Map Relative error 3.22 % 18.7 % 20.8 %
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