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Abstract  Phase retrieval (PR) refers to recover the original signal from the intensity measure-
ments of its Fresnel transform, or recover the image from the intensities of some other linear
transform of the signal. Due to the loss of the phase information, the phase retrieval problem is
an ill-posed problem. To address this issue, the intensity measurements at multiple observations
can be utilized for phase retrieval. Moreover, the sparsity of the underlying image under an adaptive
dictionary is often utilized for phase retrieval. Multiple intensity measurements imply that the
measured data contains much known information about the underlying image. Exploiting these
multiple intensity measurements enables an improvement of the reconstruction quality, When
orthogonal dictionary learning is applied to the image reconstruction field, training an orthogonal
dictionary has the advantages of fast speed and good reconstruction quality. Based on this fact,
orthogonal dictionary learning is focused by the researchers in the imaging field. In this paper, we
propose a multi-plane phase retrieval algorithm. The algorithm exploits the sparse representation
model of the underlying image over an adaptive orthogonal dictionary. Firstly, we exploit the
intensity measurements of multiple planes to construct a data fidelity term. We combine the data
fidelity term and the sparse induced regularization term of the underlying image over an orthogonal

dictionary to formulate the phase retrieval optimization problem. Secondly, the split Bregman
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method is utilized to solve the corresponding nonlinear optimization problem. For the nonconvex
optimization sub-problem involving the data fidelity term, we exploit the Majorization-Minimization
(MM) method to recast this sub-problem into a tractable optimization problem. Moreover, we
propose an efficient method to tackle this problem. MM algorithm constructs a surrogate function
for the original complicated optimized problem, the sequence of points generated by solving the
surrogate function by basic matrix multiplications is proved to converge to a stationary point of
the original problem. The proposed algorithm in this paper can recover the image and learn an
orthogonal dictionary simultaneously only from the intensity measurements. The learnt orthogonal
dictionary can capture the structure of the underlying image efficiently, and its atoms can match
with the structure of the recovered image. The orthogonal dictionary learning problem is often
attacked in two steps: the sparse coding step and the dictionary updating step. Since the mutual
incoherence constraints for the atoms of the orthogonal dictionary are imposed on the learnt
dictionary, the hard thresholding operator can be used for the sparse coding step. For the dictionary
updating step, the SVD decomposition is used to update an orthogonal dictionary. Through the two
steps, we can train an orthogonal dictionary effectively from the training samples. As the result of
the fact that the adaptive orthogonal dictionary can capture the structure of the underlying image, the
proposed algorithm can recover the high-quality image only from measurements, even the measured
planes are few. Simulated experimental results indicate that the proposed phase retrieval method

outperforms the previous multi-plane PR algorithms in terms of both the objective criteria and the
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subjective visual evaluation. Meanwhile, our algorithm is robust to noise.
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Phase retrieval refers to the problem of recovering a

signal or image from intensity-only measurements of a

transform of that signal. That problem appears in crystallog-
raphy, optical imaging, astronomical imaging, and other
areas. The reconstructed images are often not unique due to
the constant global phase change, spatial shift and conjugate
inversion. Even though the phase retrieval problem is ill-
posed, the ambiguity of the solution can be greatly reduced
using multiple measurements which gain an observation
redundancy and improve the reconstruction quality. This
paper aims to design a multi-plane phase retrieval algorithm
which incorporates the sparse regularization under orthogonal
dictionary learning. Experiments show that this algorithm
can achieve high quality reconstructed images and it is robust

to noise.





