Computational Imaging for better ML

Typical cameras are optimized for 2D image quality, not classification

ML pipeline with a standard camera:
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« Additional scene information (3D,
hyperspectral, polarization) can be more
useful than color images for many tasks,
but is not captured by typical cameras
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* Capturing this information often requires
bulky, expensive hardware, e.g. $25k+ for a
hyperspectral camera
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hyperspectral, polarization, and 3D info is not captured/used

Conceptual ML pipeline with a
computational camera:
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ML for better Computational Imaging

Computational cameras solve an inverse problem to recover images
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uses convex optimization to solve for the image:
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uses pre-trained network to solve for the image:
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