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A speckle noise suppression method based on deep learning
Ding Lilei

( School of Electronics and Information Engineering, Ankang University, Ankang 725000, Shaanxi, China )

Abstract: Speckle noise is formed by the superposition of reflected waves from numerous scatterers within a resolution unit, and is widely
present in images in fields such as optical detection and medical imaging. The noise interference mainly caused by speckle noise seriously
affects the quality of retinal optical coherence tomography ( OCT) images, reduces the grayscale resolution of the images, and blurs the
relevant structural information of the images. Traditional methods for suppressing speckle noise are not very effective in preserving image
structural information, and supervised learning methods face challenges such as insufficient training data and difficulty in obtaining noise free
images as labels. A method for unsupervised learning to suppress speckle noise is proposed, which only uses a single noisy image as a
training sample and utilizes the powerful fitting ability of convolutional neural networks to learn complex mappings from the image to its
corresponding high-quality image. The experiment shows that the evaluation of the proposed method has good noise reduction effect, which
verifies that the method can effectively suppress image noise and preserve structural information in OCT images even when the data is
insufficient. It also has strong generalization ability and strong practicality.
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Fig. 1 Schematic diagram of N2V strategy principle
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