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Traditional Cameras

ATraditional cameras were designed for humans, not machines

Almages are generated wifixed exposure timesand measure
absolute intensity

A Spatial and temporal relationships can be disentangled
Alntensity values provide useful information for data association

), S

ADynamic range is limited

A Cameras are blind in the time
between frames

Almages are susceptible to motion blur and temporal aliasinw
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Event Cameras

Novel asynchronous sensor that tracks changes in log light intensity.
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Benefits
ALOW |atency Event Cameras
4->
A Allows tracking of very fast motions
AHigh dynamic range
AExcellent low/challenging light Max Scene
performance Velocity Traditional Cameras

ALow power consumption

Light Intensity
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Ground truth depth Estimated depth Estimated depth
Dense Events only

Feature Tracking Visual Inertial Odometry Stereo Depth Estimation
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Corresponding grayscale imag
50ms exposure

N . Feature Tracking
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Visual Inertlal Odometry
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Stereo Depth Estimation
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Algorithm Development is Hard!

Have to develop new models for events. We need:
ASubstitute for photometric loss
AModel of event noise.
ASolve complex optimization problems.
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Deep Learning for Events

Neural networks allow us to solve complex nonlinear problems.
They can also learn the underlying noise models.

But: getting data Is hard.

Selfsupervised learning can provide the power of neural networks
without the need for expensive labeled data.
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The Multi Vehicle Stereo Event
Camera Dataset
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Sensors .
AStereo DAVIS 346 event cameras

AVLP16 VelodynePuck

AVISensor

AGPS

AVicon/Qualisys Mocap
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