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Applications of Depth Sensors
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When power and space gets expensive

MPI Sintel Flow Dataset
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A project of Karlsruhe Institute of Technology
and Toyota Technological Institute at Chicago
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When power and space gets expensive

Computational sensors:
e Co-design optics and computation
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Review: Two-shot Depth from Defocus

Depth Z

In-focus planes

E.g., Watanabe and Nayar 1JCV 1998, Huixuan et al. CVPR 2017
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Review: Two-shot Depth from Defocus

Blur compensation
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Our alternative
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Differential

—Differential

Depth from Defocus
Last year: Focal Flow [Alexander et al., ECCV 2016, [JCV 2017]
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I Camera Motion




Differential

—Differential

Depth from Defocus
This year: Focal Track [Guo et al., ICCV 2017]
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Advantage: “Accommodation”

Working Range

ALens
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Advantage: “Accommodation”

Working Range

W Harvard Computer Vision




* Finite differential filter:
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2 : Noise
* Obtaindepth, 7 = BV . :
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| Zf Not a thin lens
Hard to calibrate! e Inter-reflection

e Aberration
e Diffraction
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End-to-end calibration
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End to end calibration with confidence

Gaussian noise model: I =1 + €. oz
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End to end calibration
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End to end calibration
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Computational Graph
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Loss function:

* High confidence at high accuracy
L(Ztrue» C,Z ) * Low confidence at low accuracy
* As much as high accuracy as possible
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Laser Stage Object Stage

Camera Stage
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Prototype

Lens 1 (deformable) Lens 2 (fixed)

 —

|\W©

Sensor plane
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Thanks!

Project page: vision.seas.harvard.edu/focaltrack
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