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Abstract

Phase retrieval is an essential problem for coherent X-ray
diffraction imaging (CDI), a lensless microscopic technique which
measures an object's diffraction intensity [1]. The object's real-
space image is generally inaccessible unless both its spectra
magnitude and phase components are known. While CDI can
theoretically provide high resolution image, and the phase can
be in principal extracted from oversampled diffraction pattern, the
spatial resolution of reconstructed image is limited by phase
retrieval fidelity and quantum noise.

Here we propose to use a low-resolution image as a priori to
facilitate the phase retrieval. Simulation results show that the
prior image can serve as a stronger constraint than the
conventionally used sample support. We report with our Phasing
Process with A Priori (PPAP) method the phase retrieval can
converge in just a few (<10) iterations, while other methods
under comparison might take hundreds of iteration.

~

L ori

~ T,
5 A
"}:“bcw_dt‘\\ N .
N S
_:“..‘ . ;‘-\, N
\_‘1.',’
R SR .
N >

) . -
\:\‘"j e .
"”'b‘-.\l -y .
g " - -
\";:.{. ~wa" s ::,.
S Niea M ‘v‘- S :
AN 2 e o P SRR P, SRR
AR TSR Tt VIR A
-‘g(‘&‘:'__ ..-A\., A.‘ ,\.' "“c Ve e it _'._ : 'l':"‘-.\ . ., - \\\.

diffracti tt image

-

HIO

Traditional phase retrieval algorithms, e.g. HIO,
start with random guess phase values. The
algorithms then reconstruct and refine the image
by moving the image back and forth in the real and
reciprocal spaces, where constraints are applied to
the immediate result [2]. Common constraints are
(1) the fact that the sample has a finite size in real-
space (enabled by oversampling) and (ii) replacing
the calculated Fourier magnitude component with
experimentally measured one (ground truth).

ADM

In order to have a more general framework for
incorporating different constraints, we use the
Alternating Direction Method (ADM), which allows
us to formulate an optimization problem with two or
more variables that are related by a Lagrangian
function L(x,y,A) == A" (x —y) + %le —yI* [3].

By splitting A from the update values, ADM is able
to keep a balance between different constrains and
not weighing one over another. ADM then solves
the optimization problem with an iterative algorithm
with following update equations:
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