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Fourier ptychography based on multi-scale feature fusion network
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Abstract: Fourier Ptychography (FP) is a technology of achieving high-resolution, large field-of-view
imaging of optical system. However, the high-resolution reconstruction based on traditional FP methods
requires a high aperture overlap ratio, resulting in a large number of captured images and low sampling
efficiency. In addition, the FP reconstruction algorithm has high complexity and long reconstruction time.
Aiming at solving these problems of the FP, this paper proposes a deep learning algorithm based on multi-scale
feature fusion network. Through the improved feature pyramid module, the feature information can be

extracted from multiple low-resolution images captured by the FP imaging system, and the information is
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fused to achieve super-resolution reconstruction. Experimental results show that compared with traditional methods,

the deep learning algorithm proposed in this paper improves the quality of image reconstruction, reduces

the reconstruction time by 90% , and is more robust to Gaussian noise. In addition, the proposed method

can reduce the overlap ratio between sub-apertures from 50% to 25% in frequency domain, and reduce the

number of captured images by 50% , greatly improving the sampling efficiency.
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Fig. 3 Structure diagram of the proposed network model
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R EME R IEAS B3I 74 . FPNN B PSNR

ERME S AP BL R A0 22 1. 03 dB., FPNN{#
FH A 25 T 246 v i 2 o) A% 1 56 B ot AR L (H R g
X AN [R) A A 0 o 2 E BT I 25 iz AL RE 1 25 9 3
5 AP SE 0D & 45 R W A AR 1R 25 o T FPMFN
AR E SR T, MG (E AR T G50k AH
ke F PtychNet, AP 5% % il FPNN, PSNR i - 1)
2 34T 7 7.07,2.19,3.32dB, 5 H{4 K% =
BB ZEE N, AN, FPMFEN B BILE 259 & &
R RYMEREE RS AP BIEAE 50U AR T AL
HAH 22 TG JL, IE B FPMFEN RE 9878 2000 70 R 4 3%
H, S S ORI R . X2 K8 FPMFEN fig
% ) FH DCCA B Xt i3 45050 43 (4 A5 15 B 2F A T4
RPN /N B 358 25, #E IR I J & o T 5K
PR 40 1 A

®3 FAREBETEAN LR PSNRF SSIM
Tab.3 PSNR and SSIM of each method with different overlap ratio

method  Overlap ratio/ % Set5 Setld B100 Urban100
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

PtychNet 25 19.42 0.612 3 16.99 0.546 2 16. 21 0.4749 15.90 0.4316
AP 25 25.95 0.820 2 23.43 0.7714 21.96 0.728 6 21.20 0.7011
FPNN 25 23.62 0.7358 22.71 0.6997 22.72 0.7147 20.79 0.6750
FPMFN 25 29.07 0.8917 27.91 0.8331 27.48 0.8357 26.55 0.8284
PtychNet 50 25.49 0.8051 24.29 0.7649 23.35 0.6384 22.81 0.644 1
AP 50 30.92 0.9158 28.01 0.8413 27.39 0.8295 26.53 0.8249
FPNN 50 28.92 0.914 3 28.78 0.8497 24.49 0.801 3 24.75 0.796 2
FPMFN 50 33.46 0.9415 29.75 0.867 3 28.42 0.8394 28.93 0.847 1
PtychNet 62.5 27.03 0.836 7 26. 31 0.8187 23.18 0.748 7 22.14 0.7213
AP 62.5 32.25 0.952 3 29.40 0.8807 28.57 0.862 1 27.72 0.832 3
FPNN 62.5 31.40 0.9296 28. 26 0.8552 26. 64 0.820 3 26.24 0.8314
FPMFN 62.5 35.18 0.968 4 29.39 0.894 7 28.71 0.864 2 29.38 0.8739
PtychNet 70 27.88 0.8558 26. 26 0.836 8 25.04 0.7824 24.58 0.747 5
AP 70 33.92 0.958 8 31.94 0.907 4 28. 36 0.887 4 30.41 0.9050
FPNN 70 33. 69 0.9412 29. 34 0.880 2 27.69 0.848 3 29.68 0.8838
FPMFN 70% 36. 23 0.963 3 32.06 0.9319 29.35 0.904 7 31.07 0.9128

T LR EC O Rl M

FAi0 sk T H 128X 128 MK JE EAZ I T #E
ORI W ETION W s = 1 e R (5 2 A AR E 4
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P i 5 R BE R, G KT T A A
[&] . PtychNet £l FPMFN [a] Ay St Xof s 45 7 | 57 %
Yl 2 2o B T B3 FE K % R ) E 2 A K M s
A7 A B ] BAS, BAR SEIRE T0% M E S
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R A X A A, T DA T A R R e — g, AP
1 5 FPNN #8256 T & AR M 19 7 % ,FPNN 1E

g U T A T X 2% F R AT N SR . M
A AR A%k 121 F, FPNN 5 £ fr 55 15 18] i )
T 28.59 s, APSRNITEE 2. 51 s, %t s 3K 14
FPMFN 55 F LA AP B YEM L, 2> T 90%
DL b W FE R (] A R T T 20 F5 DA
o ABPREVEAE AR R A BE R BaE AT, I E
0B FPMFEN A1 PtychNet 78 55 3% 91 &
D5 T R RE HL A . AT AL g Rk
FPMFN LB A % AR 25 % 1Y fL 42 1 & 32 M
50% MFEARH I HAEM LR EE R T,
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®4 FEFEEE 128X128 E KA A
Tab.4 Time consumption of reconstructing 128X 128

image in different methods (ms)

Overlap ratio/ % PtychNet AP FPNN FPMFN

25 17.3 532.2 2659.7 19.4
50 32.4  1181.5 8419.9 35.1
62.5 52.7 2057.1 17374.2 58.3
70 83.2 2506.4 28587.4 90.5

TE LA BT O e
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W7 B2 A 5 R T o A SCHRE Y Y R AR G o TR R
BB % 42 U [ 5% 32 B30 1B 9 1 2 J2 R AE Ol
T A B 2 I 4% 1 [ 3 N G SRR T AR Y R
RS B E A FPMEN B8 55 78 43 1) 1 &
BN 5 & 5 B EAN TR 5 5 A 3
Jo R I A AR

f(a) 25% overlap ratio

Groundtruth
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\_ &
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\

Wz B

K (b) 50% overlap ratio
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22.24/0.749 7

Phase

FPNN
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31.28/0.899 2
el

24.53/0.850 1

K8 AT IR AE AN [R] 3 B A< i 0 FORUR SR RO E 45 2R < () 25065(b) 50

Fig.8 Reconstruction on simulation datasets of each method with different overlap ratio. (a) 25% ;(b) 50%.
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3iig Xof it JE 3 A FPMFN 2 A 8 00 1 3% 58 7, A
I BB 8 A IR e A 1 Tk
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16 25% M 50% H & FEH e 2 S E | &, B
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—*FPMFN —FPNN
30 —— AP -=-PtychNet
28
- 26
&
Z 24
7]

0.5 1.0 1.5 2.0 255 3.0
Noise standard deviation/(x10e™)

09 M

—~FPNN  —=FPMEN
0.5 —=-PtychNet —+AP

0.5 1.0 15 2.0 25 3.0
Noise standard deviation/(x10e™*)

K19 AN J5 3k 5 JT W B 48 R 5 73 . (2) PSNR; (b)
SSIM.

Fig. 9 Robustness analysis of different methods to Gaussian
noise. (a) PSNR;(b) SSIM.

FPMFN 5 AP 535 0 @ U R e i o LA 52
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& X X #:

AP FPMFN
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K10 AP 5 FPMFEN 53k 18 90 br USAF %4 46 1 i)
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Fig. 10 Reconstruction on actual USAF datasets by AP
and FPMFN
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