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Phase Retrieval Algorithm Based on RED Combined with FFDNet
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Abstract ; Phase retrieval is a kind of image inverse problem. Through the amplitude of the image signal , the missing phase information in
the sampling process can be recovered. Current phase retrieval algorithms use sparse priors and traditional denoiser priors, which have the
problem of insufficient feature representation. The prDeep algorithm uses the DnCNN as the denoiser prior,combined with the denoising
regularization model to improve the recovery effect, but it still has the problem of poor robustness to complex noise. Aiming at the
problem of insufficient robustness of the prDeep algorithm to complex noise,an algorithm combining FFDNet as the denoiser prior and
the denoising regularization model is proposed. According to FFDNet network’ s adaptability to noise,the proposed algorithm uses regu-
larization by denoising (RED) to construct an optimization model, which solves the cumbersome problem of complex regularization
model derivation. While ensuring the ability of convolutional neural network to characterize features,it also improves the robustness to

complex noise and the iterative efficiency of the algorithm. The simulation experiment shows that the proposed algorithm can improve the

SNR and iterative efficiency of the restored image under different noise levels.
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