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Superresolution reconstruction of holograms based on deep learning

PEI Ruijing', WANG Shuo', WANG Huaying'’
(1. School of Mathematics and Physics Science and Engineering, Hebei University of Engineering, Handan 056038, China; 2.
Hebei Province Computational Optical Imaging and Photoelectric Detection Technology Innovation Center, Handan 056038, Ch-

ina)

Abstract: In order to avoid the problems of complicated steps and noise interference of traditional holographic reconstruction
methods, an improved semantic segmentation U-Net network was used for super-resolution reconstruction of holograms. Firstly, a
novel end-to-end neural network was introduced to fully acquire more semantic information of images and to enhance the
performance of network learning. Secondly, the efficient channel attention ( ECA) of deep neural convolutional network was
added to improve the ability of focusing on details in the holograms, and to further improve the accuracy of the network. The
leaky rectified linear units ( LeakyReLLU) was used as the activation function to accelerate the network convergence. Using the
low resolution holograms of blood cells and chicken blood cells for training, the super-resolution reconstruction intensity and phase
map were obtained. The results show that the improved network can quickly reconstruct the phase and intensity images with rich
details, clear edge texture and flat background. The structure similarity index measure (SSIM) and peak signal-to-noise ratio
(PSNR) of the blood cell intensity reconstruction images are 0. 9613 and 27. 38, respectively. Meanwhile, the holograms of
different scales can be reconstructed. This study provides a reference for using deep learning to improve the quality of holograms.

Key words: holography; super-resolution reconstruction; channel attention mechanism; end-side neural network; multi-
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Table 1 Intensity performance results of different network tests

blood cells chicken blood cells

model SSIM PSNR  time/s SSIM PSNR time/'s

U-Net 0.9559 19.12  0.035 0.9547 19.54 0. 050

GUE-Net 0.9613 27.38 0.030 0.9654 22.62  0.048
2 AERAIRA AR RESS R

Table 2 Phase performance results of different network tests

blood cells chicken blood cells

model SSIM PSNR  time/s SSIM PSNR time/s

U-Net 0.9038 21.02 0.038 0.9512 21.26 0. 080

GUE-Net 0.9417 26.77 0.033 0.9734 23.48 0. 068

3 I&ERFSH

3.1 ZRETR

WAL AL R R A7, B 6 1 7 4301
ML 290 60 RTAE I 240 B o B B A5 2R . N ZE B A AR
YU o PR 4 B R A A P B 1] E AR 2
AEEILASAAH 3 4EEI 7R, B TR 4y ] LG Y, ok
7R E A I IR S SO MR DL A P
MO, A v 0 S ot A% ARRARNL , B
& rad,

SRy i S TR G T 1 P A R TR 8% B 4 T
g R 22 G R AR (5 B . AR i 40 A 5k
JE 158 2 L I 248 A5 A 15 2 T RS I 4 e R 15 22 [
X I A AH R 25 B, S5 R AN 8 TR, 28 GUE-Net
HAFIRZR/N, e I B3 TH AREAR 5 B8 4
B AR B, P A e B 2R i A, AR
FARDL, FAALSE rad



a1 A BRI VR 5D 0% B M4y o 489

model hologram intensity phase

’ 2 ©
real | s @
- E I3
8 _ ©
U-Net §& 2 0 3
: < £
= -15
B i)
7 Q\Q
2
,~ E E
GUE-Net E}) 0 ?,',’
£ £
= -1&
554 -2
2y, .
LP@/ ﬂ\'Q\‘lv
Ko MZniumE s
Fig.6 Blood cell reconstitution results
model intensity phase 3-D
0.8
=]
0.6 ‘\;3
o}
real 04 &
&
0.2
0.0
1.0
0.8

S
N
phase/rad

<
~

0.9
0.8
078
GUE-Net o6 £
05 %
0.4 &
0.3

PR 7 X6 A A AR

Fig.7 Chicken blood cell reconstitution results



2023 4F 7 A

490 Wt
chicken chicken
blood cell blood cell  blood cell  blood cell
intensity phase intensity phase

model error graph error graph error graph error graph

GUE-Net

R S e e
O—=NWAUAINOO
phase/rad

&8 [ 4k 5 LB Y IR 22 15
Fig. 8 Error plot of network output and true value
3.2 ZREE#Z

TR )N 25 46 50 His R R /N & 256 %256
BER R SEBRE O0 R A 19 42 BUEILIZ R 7R )
28 AR AN BRI )OEE RN, TR R AR A 42 B IR B AT
ZRIE , th 256x256 183 K/MNIZREE I 2545 21 A5
RUHERR] AEAT A 0 H i, &) 9 02 3 MRl R E
5L, ATLAE o T 1 X 2 R P A A Y AT T

FHAME: (575 5 5 P340 200 300 25 SV AT
angular

sprctrum
scale » results

U-Net
results

GUE-Net
results

256256 4

1024x1024

Fig.9 Reconstruction results with different scales

3.3 HrREMgEmt

Mg 7 AR I 4 2 G B AN ] b 0 el s B, PR
IR P 48 (R BT P PR . RN AT 2558 90h
0.01,0.05,0.1,0. 15 1 0. 2 Hy M 75 7 A 20 PR K
G, i 25 R A 10 TR, 7E 0.2 MR SR A st
A 34 B i A A AT 1) PRI, T R I 2 A — 2 Bt
S 71 o WDAER 1072 i V8
3.4 IR EREXT W 4E R0

520 o R P A A e X 245 1 T 5 L S ) 22
SRR R R, ISR R pRESOUT  £% 1 RE Y R
M, AT T 3 AN A% RS )8 o e e S ey, Y
TR ZEUR RECRN L, U0 5% s, 5 ek W 2% v fifi

L 10 R TRt 60 P (2 24 PR
am o TR SRS R 1~ 24 AL P
Fig. 10 Images with different noise levels and network output images
a~e—low-resolution images of different noise levels f~ j—network recon-

struction images
FHRIR PR S (o) AHORT HE S B, A2 A8 R 25 5544 LA K
AHFEIAAE T W PSNR A1 SSIM B A9 AR fk, DA
YRR, A5 RN SR 3 s, AUER Y, B R 4R
IS PR S () B, PSNR il SSTM HU{EL 34 H5c 155, I 2% £
PERER LU K AR T

F3 R BRI I T R

Table 3  Phase and intensity reconstruction effects of different loss functions

phase intensity
SSIM PSNR  SSIM PSNR
L, loss function 0.8562 25.47 0.9577 26.16
mean squared error loss function 0.8954  24.29  0.9601  25.38
S(x) 0.9415 26.77 0.9756  27.38
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