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Nonlinear Reconstruction for Off-axis Fresnel Digital Holography with
Deep Learning
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(School of Physics and Optoelectronic Engineering, Xiangtan University, Xiangtan ,Hunan 411105, China)

Abstract: A nonlinear reconstruction method with a single digital hologram using deep learning was
proposed for off-axis Fresnel digital hologram. Classic Fresnel diffraction integral is utilized for simulating
digital holographic imaging to provide the training samples, and a deep convolution residual neural network
is utilized to implement on the object image reconstruction from the recorded hologram, by learning the
nonlinear mathematical mapping from the digital hologram to the corresponding object image. The results
of numerical simulation experiments show that the method could directly eliminate zero-order images and
twin images without fringe pre - processing procedure for extracting object term, compared with the
traditional frequency filtering and four-step phase-shift techniques for achieving Fresnel digital holography
reconstruction, as well as high quality reconstructed object image. It also has strong robustness to the test
dateset generated with different diffraction distances using same recording reference light waveform.
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Fig. 1 Schematic diagram of off-axis Fresnel digital hologram recording
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Fig. 2 Method for off-axis Fresnel digital hologram reconstruction based on deep learning
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(b) Off-axis Fresnel digital hologram for different physical scenes

(¢) Reconstruction results of ResNet method
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Fig. 8 Off-axis Fresnel digital hologram nonlinear reconstruction with ResNet
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(a) Object (b) Digital hologram, (c) Digital hologram, (d) Digital hologram, (e) Digital hologram, (f) Digital hologram,
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I
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(g) Reconstruction results, (h) Reconstruction results, (i) Reconstruction results, (j) Reconstruction results, (k) Reconstruction results,
2z,=0.3 m 2,=0.35m z,=0.4 m z,=0.45m z,=0.5m
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Fig. 9 ResNet reconstruction results of test dateset with different diffraction distances (plane wave training, 2,=0.3 m)
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(g) Reconstruction results, (h) Reconstruction results, (i) Reconstruction results, (j) Reconstruction results, (k) Reconstruction results,
z,=03m z,=0.35m z,=0.4 m z,=0.45m z,=0.5m
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Fig. 10 Distance Robust ResNet reconstruction results for different diffraction distance (plane wave)
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Fig. 11 The MAE, RMSE, and SSIM of Distance Robust ResNet reconstruction results and corresponding object images for
different diffraction distance (plane wave)
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Table 2 Compare MAE, RMSE and SSIM for distance-robust with single diffraction distance ResNet reconstruction
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