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ABSTRACT

Retrieving phase of a signal from measurements of its magnitude in some transform do-
main is an important problem in many disciplines of Science and Engineering. One of the
attractive (non-interferometric) phase imaging techniques that is generally handled com-
putationally using iterative methods is by measuring the far-field or Fraunhofer diffraction
intensity of an object, which is known as Fourier phase retrieval. The Fourier phase re-
trieval problem is non-convex and non-linear in nature, which makes it challenging to find
a unique solution. Iterative transform algorithms have been developed for almost a half-
century and are a popular option among users. However, these algorithms are incapable of
providing a high-quality and reliable solution in a single-run starting with a random initial
guess. The phase retrieval solution, in particular, is degraded by many stagnation arti-
facts that may be attributed to inaccuracy in the recovered Fourier phase or the presence
of missing pixels and noise in Fourier intensity data measurement. With this limitation,
iterative transform algorithms have never been considered to be reliable enough. Our goal
in this thesis is to understand the stagnation issues in iterative algorithms in general and
work toward eliminating them so that the algorithms may become more resilient in order
to achieve reliable solutions from practical far-field intensity data. In this quest, we offer
a new parameter called ‘complexity,” which provides a measure of the object’s fluctuations
and may be derived a priori from raw Fourier intensity data. We describe the stagna-
tion artifacts in phase retrieval solutions using an entirely new viewpoint of complexity
in order to analyze the behavior of solutions obtained by state-of-the-art algorithms. In
particular, the complexity of estimated solution is compared with the desired complex-
ity determined from the raw Fourier data. For instance, a higher value of complexity of
the estimated solution, as compared to the desired complexity, is associated with the ad-
ditional undesirable fluctuations or artifacts in the solution. With this information, we
suggest a novel methodology of ‘complexity-guided phase retrieval (CGPR)’, which is a
regularization scheme controlled by a complexity parameter that, when combined with
standard algorithms, provides a high quality and reliable phase retrieval solution. Further,
the performance of the CGPR algorithm was evaluated on the experimental X-ray coherent
diffractive imaging data. This thesis provides fresh insights into the operation of standard
iterative algorithms as well as new results on robust Fourier phase retrieval. We believe

that the study presented in this thesis contributes a new understanding of phase retrieval



technique, thus improving the viability of existing methods for practical applications or

devices.
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