Shane Barratt and Benjamin Hannel
Stanford University
{sbarratt, bhannel}@stanford.edu

Method

e The captured image changes Start with a guess of the all-in-focus image and the depth map e We model the depth of each

with focus distance. DF ° - pixel as a probability
> distribution.

O Extracting the Depth and All-In-Focus Image from a Focal Stack

e We can infer depth from images
of a scene at focused at different
distances.

e We simulate image formation as
r a weighted sum of the simulated
image at each depth.

K

(I)ey = ) Y PuvjluwL [[(u,0) = (z,9)]|2 < Ci(d;)]

100

Beanfa -
ids ¥V

e We model image formation, and
optimize for the true scene that

could have caused our captured =1 ww
ST Simulate image formation to render the image at each depth Inverse Problem
Data Capture T DI DF

e We used Open Camera on a minimize L(I, P) + Airi() + Aerp(P)
Samsung Galaxy S8 Active to N
capture focal stacks. Bean ﬁ Bean fa L(I,P) = Z 01, 1,)

e We erppirigally determine(f! the three r three A =1
magnification and PSF radius \ elds % I, L) = |I; — |

PSF radius (up to a factor)

Compare with observed images at each depth and update our guess
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Our loss function has 3 terms:
e [ is total reconstruction loss

Pixels

e /is partial reconstruction loss
e [.is the ith captured image

e I, is the ith synthesized image
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(a) Objective versus iteration. (b) PSNR versus iteration. (c) Depth MSE versus iteration.

Figure 4: Simulated data optimization results.




