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Abstract: In digital holographic imaging, ring noise produced by the diffraction of microscopic scatterers is
nonlinearly amplified into structured phase errors during numerical reconstruction, thereby limiting the ac-
curacy of quantitative phase imaging and three-dimensional reconstruction. While speckle-noise suppres-
sion has been extensively studied, systematic theoretical modeling and targeted suppression strategies for
ring noise remain underdeveloped. A novel convolutional neural network, FUResNet, is proposed to op-
erate jointly in the spatial and frequency domains. A multi-scatterer diffraction-field superposition model is
formulated to accurately simulate ring-noise formation. FUResNet integrates Fourier neural operators, a
residual-learning architecture, and attention mechanisms to suppress ring noise efficiently while preserving
essential holographic features with high fidelity. Experimental evaluation on simulated and experimental
holograms demonstrates that FUResNet significantly outperforms existing approaches: background-noise
standard deviation is reduced by 73. 9%, peak signal-to-noise ratio (PSNR) is increased by 13.46 dB,

and structural similarity index measure (SSIM) is improved by 13.9%. These improvements across noise
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suppression, image fidelity, and structural preservation indicate that FUResNet provides an effective solu-

tion for high-accuracy quantitative phase imaging.

Key words: digital holography; ring noise; phase imaging; fourier neural operator; convolutional neural

network
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