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Abstract: Off-axis digital holographic reconstruction holds significant practical value, yet existing methods remain lim-
ited due to challenges such as zero-order diffraction interference, high computational complexity, and restricted reconstruc-
tion accuracy. To address these issues, an off-axis digital holographic reconstruction method based on residual attention
mechanisms is proposed. The study first employs an optimized U-Net model architecture and utilizes simulated off-axis Fres-
nel holograms for training. Subsequently, the encoder-decoder structures in the U-Net model are enhanced to improve fea-
ture extraction capabilities, enabling high-quality reconstruction of off-axis digital holograms. Finally, to validate the model’s
noise resistance, reconstruction was performed using noisy datasets while maintaining the original network structure and pa-
rameters, with quality assessments conducted on reconstructed results. Experimental results demonstrate that compared to
the optimal reference algorithm, the improved network achieves 2.97 % higher average SSIM and 15.52% better PSNR per-
formance on standard datasets. Notably, it shows 6.48% and 19.04% improvements in average SSIM and PSNR across
noisy datasets. The quality and noise reduction performance of off-axis digital holographic reconstruction are significantly im-
proved, and an effective deep learning solution is provided for complex optical imaging problems.
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