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[Nagy, James G., and Dianne P. O'Leary. "Fast iterative image restoration with a spatially varying PSF."
Advanced Signal Processing: Algorithms, Architectures, and Implementations VII. Vol. 3162. SPIE, 1997.]
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YOUR FUTURE 15 HARD TO SEE.

|
- T CAN MAKE OUT SOME HAZY
Thank you for your attention! DETAILS IN THE CENTER, BUT

THE OFF-AXIS COMPONENTS
ARE PARTICULARLY UNCLEAR.

WIZARDS NEVER DID FIGURE OUT
HOW TO FIX SPHERICAL ABERRATION.

© Randall Munroe, https://xkcd.com/2776/
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