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Abstract  Digital holography (DH) is critical for monitoring quantitative three-dimensional information of transparent
samples. However, phase aberration compensation and unwrapping are needed in conventional digital holographic
reconstruction, which adversely affect its speed and accuracy. We propose an improved residual Unet method that
combines dilated convolution and attention mechanism to implement end-to-end phase reconstruction of DH, which
simplifies the imaging process and improves the quality of image reconstruction. In addition, the proposed method can
further optimize the network model for real-time reconstruction by adjusting residual blocks. The experimental results
reveal that the proposed phase reconstruction method based on deep learning can obtain accurate three-dimensional
information of samples in real time, which benefits real-time monitoring for dynamic samples.
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Fig. 1 Experimental setup for digital holographic recording optical path. (a) Optical path diagram for loading blood cell data; (b) optical

path diagram for loading handwrite number data
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Fig. 2 Dataset examples. (a) Sample hologram; (b) sample phase
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Fig. 4 Schematic of different attention mechanisms
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Fig. 7 Phase reconstruction of the blood cells. (a) Ground truth; (b) reconstruction result of Udanet; (c) three-dimensional image of

error map between ground truth and Udanet reconstruction result
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Table 2 SSIM value of Udanet with different frequency

components
Parameter Low8 Topl Top2z Topd Top8
SSIM average value 0.861 0.855 0.853 0.868 0.848
SSIM peak value  0.914 0.915 0.910 0.922 0.907

%3 RREIMZ Y SSIM
Table 3 SSIM value of different networks

Udanet

Parameter Unet Uanet
(Top4)
SSIM average value 0. 844 0.851 0.868
SSIM peak value 0.901 0.913 0.922

4 % e

e T —Fh I T M AR 25 Unet W75 207 k0]
SRR A B v B e AR FE A 32 VA H A TR R
FUAT 2 B ALHI 45 A 0 7 0k 2 2 B Z 4R 1E, ik kb
YT v S R . X AN [ B 4 1 T
ZE W B, Udanet (19 5 # 45 5 Fl ground truth 22 [8] /Y
SSIM i # & , fig 98 5C B & & M A7 AR o F X
Udanet A [6] 53 %6 43 2 4 A 0 3 & 7 BEHe k47 %0 b 43
B, Topd 4 5 43 1t 20 A3 19 SSIM {E A b He At 43 4 2 4
P Y SSIMAA 1T LA3A 0. 922, 55 4, R H At R
JE 2 ) 7 EE A LG, Udanet J7 35 76 ¥4 2 X 45 25 44 7 T 2
A7 AR 5 14 28 P R FH M RE B 4 9 1 R 0 B e AT
PO SO AR TE AR . Udanet J7 32 BE A2 W) 12 2 45 3
) 2 St A 57 BAZ S T 20T g

Z % x #

[1] Javidi B, Carnicer A, Anand A, et al. Roadmap on
digital holography[J]. Optics Express, 2021, 29(22):
35078-35118.

(2] WHL, B, KK, & @ RoE P A AL B R
] ot 5 el 22k, 2020, 57(20): 200001.

Wen K, Ma Y, Zhang M L, et al. Quantitative phase
microscopy with high stability[J]. Laser &. Optoelectronics
Progress, 2020, 57(20): 200001.

[3] Kim Y, Park S, Baek H, et al. Voxel characteristic
estimation of integral imaging display system using self-
interference incoherent digital holography[J]. Optics
Express, 2022, 30(2): 902-913.

[4] Merola F, Memmolo P, Miccio L, et al. Tomographic
flow cytometry by digital holography[J]. Light: Science &.
Applications, 2017, 6: e16241.

[5] Zeng TJ, Zhu Y M, Lam E Y. Deep learning for digital
holography: a review[J]. Optics Express, 2021, 29(24):
40572-40593.

[6] Bianco V, Mandracchia B, Marchesano V,
Endowing a plain fluidic chip with micro-optics: a
holographic microscope slide[J]. Light:
Applications, 2017, 6: e17055.

et al.

Science &

(9]

(10]

[11]

[13]

[14]

(16]

[17]

(18]

[19]

0610016-7

Wu Y C, Luo Y L, Chaudhart G, et al. Bright-field
holography:

cross-modality deep learning enables
snapshot 3D imaging with bright-field contrast using a
single hologram[J]. Light: Science &. Applications,
2019, 8: 25.

Rivenson Y, Zhang Y B, Ginaydin H, et al. Phase
recovery and holographic image reconstruction using deep
learning in neural networks[J]. Light: Science 2&.
Applications, 2018, 7: 17141.

Wu Y C, Rivenson Y, Zhang Y B, et al. Extended
depth-of-field in holographic imaging using deep-learning-
based autofocusing and phase recovery[J]. Optica, 2018,
5(6): 704-710.

Liu T R, de Haan K, Rivenson Y, et al. Deep learning-
based super-resolution in coherent imaging systems[J].
Scientific Reports, 2019, 9: 3926.

Luo Z X, Yurt A, Stahl R, et al. Pixel super-resolution
for lens-free holographic microscopy using deep learning
neural networks[J]. Optics Express, 2019, 27(10): 13581-
13595.

Rivenson Y, Wu Y C, Ozcan A. Deep learning in
holography and coherent imaging[J]. Light: Science &.
Applications, 2019, 8: 85.

Go T, Lee S, You D, et al. Deep learning-based
hologram generation using a white light source[J].
Scientific Reports, 2020, 10: 8977.

WuY F, WulJ C, JinS Z, et al. Dense-U-net: dense
encoder-decoder network for holographic imaging of 3D
particle fields[J]. Optics Communications, 2021, 493:
126970.

Chen N, Wang C L, Heidrich W. Holographic 3D
particle imaging with model-based deep network[J].
IEEE Transactions on Computational Imaging, 2021, 7:
288-296.

WulJ C, Liu K X, Sui X M, et al. High-speed computer-
generated holography using an autoencoder-based deep
neural network[J]. Optics Letters, 2021, 46(12): 2908-
2911.

PINGE, T B TR B A RO 2 AR A = A A 4
SRR ot Sl Fa R, 2022, 59(4): 0409001,
Sun X, Han C.
holographic display based on deep learning and angular-

Three-dimensional  phase-only
spectrum layer-oriented[J]. Laser &. Optoelectronics
Progress, 2022, 59(4): 0409001.

Zhou Z W, Siddiquee M M R, Tajbakhsh N, et al.
UNet: redesigning skip connections to exploit multiscale
features in image segmentation[J]. IEEE Transactions on
Medical Imaging, 2020, 39(6): 1856-1867.

LiXH, DuZS, Huang Y Y, et al. A deep translation
(GAN) based change detection network for optical and
SAR remote sensing images[J]. ISPRS Journal of
Photogrammetry and Remote Sensing, 2021, 179: 14-34.
EARE, XA, B, SRR AR /NG ROy U R A
fr B T ] O, 2014, 41(2): 0209016.
Wang HY, LiuZ Q, Liao W, et al. Comparison of four
phases unwrapping algorithm based on method of

minimum norm[J]. Chinese Journal of Lasers, 2014, 41



£ 605 F 6H/2023 F3 H/HMAESBFFHE

(21]

(23]

[24]

(2): 0209016.

#HI, £, EAS, 55 SOk R TR AL B b
e 09 A Ah B2 J7 35 DT P IR EOE L 2021, 48(24):
2409001.

Dong Z, Wang W J, Wang H Y, et al. Improved phase
vibration
2021, 48

compensation method based on phase

minimization[J]. Chinese Journal of Lasers,
(24): 2409001.

Ronneberger O, Fischer P, Brox T. U-net: convolutional
networks for biomedical image segmentation [M]//Navab
N, Hornegger J, Wells W M, et al. Medical image
computing and computer-assisted intervention-MICCAI
2015. Lecture notes in computer Cham:
Springer, 2015, 9351: 234-241.

He K M, Zhang X Y, Ren S Q, et al. Deep residual

learning for image recognition[C]//2016 TIEEE Conference

science.

on Computer Vision and Pattern Recognition, June 27-30,
2016, Las Vegas, NV, USA. New York: IEEE Press,
2016: 770-778.

SRSCAE, A, 2, & BT Unet IMUTERLR K
(9 2¢Ol 47 4 KT )2 A (] b O, 2021, 48(17):
1707001.

Zhang W Q, Feng J C, Li Z, et al. Reconstruction for
Cherenkov-excited luminescence scanned tomography
based on Unet network[J]. Chinese Journal of Lasers,

2021, 48(17): 1707001.

[25]

[26]

[27]

(28]

[29]

0610016-8

PRI, R B L R T A A R 2 2 I 4 0 v
b AR or 26 05 ¥ ) Ot 2 % i, 2020, 40(16):
1628002.

Yan M J, Su X Y. Hyperspectral image classification

based on three-dimensional dilated convolutional residual
neural network[J]. Acta Optica Sinica, 2020, 40(16):
1628002.

KLV, EAEB, BRSO BT 2 R E LT
AL J T = 2 N @ BE(T]. Sbor 24, 2022, 42(1):
0112005.

ZhuJ P, Wang R K, Duan Z J, et al. Three-dimensional
face modeling based on multi-scale attention phase
unwrapping[J]. Acta Optica Sinica, 2022, 42(1): 0112005.
Hu J, Shen L, Albanie S, et al. Squeeze-and-excitation
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 42(8): 2011-2023.

Xu K, Qin M H, Sun F, et al. Learning in the {requency
domain[C]//2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), June 13-19,
2020, Seattle, WA, USA. New York: IEEE Press,
2020: 1737-1746.

Qin Z Q, Zhang P 'Y, Wu F, et al. FcaNet: frequency
channel attention networks[C]//2021 IEEE/CVF International
Conference on Computer Vision (ICCV), October 10-17,
2021, Montreal, QC, Canada. New York: IEEE Press,
2021: 763-772.



	2　原理和方法
	2.1　数据集准备
	2.2　网络结构
	2.3　DDA残差块
	2.4　网络训练

	3　分析与讨论
	3.1　测试结果分析
	3.2　网络性能评估


