% 43% % 6 H/2023 £ 3 B/ SR

K EHRIK

BT~ TR S AH LA 1 I 28 110 1y Jig S S AH O B2 E

A, HE AET, TH, AGE", BAKE

HZR UM 7 ) 305 W 2 2 B e 7 R 4% MR R, IR T g 250358

R R IS TR I G AR (VB ) A A7 B A8 AN 25 Y I, 38 G I 5 P G A PERE R B o R i 3 T IR BE A L 3
0 265 B 38 208 - e T (LG D SRRz A2 D7 1 LA B v 0 85z 0 6 32, D 35 A9 P P o 2 5] R0 P00 PR R A ol T 85 307 D'
B S R TR R 5 58 HEAT 2% 21, 46 5 FRAR S R A e L 42 3l A (64 22 18] 2 N7 e 56 28, 7 422 Wi 4 4l B2 Wi 21 1906
S PR, B0 i O 5 7S 4 8 S AR O EAT AL IE o &5 SRR, BT i TR 2 0 245 B 408 A5 o 0 3t S BIUART (02 U0 , 2 ), 0
WORLZS Sl IR 5 9500 LA b AR5 it RS54 26 s it i P4 2 i) |4 29 05 R 22 I DR /)

K RO WL BRMAR S MALE; KN R

hES%ES TN9I29.12 XERFRER A

1 5l B

T e 6 R (VB ) AT B AH 7 9% /i exp (120 )(Hrr i
FREECAL 0 R T I L RN R I E R E T
SR AT BT £ 3R (OAM) B KN, BBk A i i
CEOE: oY - Rt g s & (E WAL NV W S NI E N
[ A5 285 0 108 5 Y6 R 22 ) B A IE a8 v IR L, 7 6l A
o, B RLAT T OAM 52 AR B A% i A 22 46, o AT DA X
OAM #7841 m il

T T 6 TR FE A I CATT) v A% e i 52 3] 3 37 5%
Wi, S SO W A 07 2R B, 1 OB [R) AR G, 51 R A AT
SEVERRAR . BRI — T A R SE R, H AT A
Z TAE S 7 T AME R T O o (9 AH A7 2K BT, 5 R R 7 %
J& H B W OG2E R SE, W Gerchberg-Saxton Bk FI Bl
MLIFATHE FRER LY EX R TELZRE
AR, W SR B B0, 45 5 B N R Bl /M

UL AR, B B 2 45 (CNN) 8 51 AR B 2
R e R , AR CNIN 8 s7 o R el + 1
P 5 A A 22 ) Y B B 06 3R, S B OAM B 28 19 A 44
PRI, B O AM fff i 00 2 1 04 8 AR, 4 s s
R0 P o A T T B R R AR TSR . BN, Hao
P ST 6 )2 CNN DU OAM B #4780, 75 K
ST R FEECI=1X 10 “m *° A& E =N
5 km B, SR IE B R 35 %) 80% . Wang %3 F CNN
PG T —FF 6 )2 CNNZ5# 76 CI=1X10 " m **

DOI: 10.3788/A0S221804

R4 IR S A 2 ke B, 6 28 i O AM B 25 20473510, 14 531
IEH R IKF] 96. 2590 0 A S 7E 455 25 AR 38 50 A, e X
O BUM A AT M IE , F A 1E J5 A0l 3 Pl 1 A A S A
AT LR v A R T P A A R . Lia A5 RI D  Sr E
R A i R S R AT I, S B iR R G AR A
Fo BIFF . EC=1X10 ®m ?° fFHIEE R 20 m
BF, A5 25 4l B MK 39. 5296 4 i 3] 98. 34 %, {5 1 Hh &
5T RS R T S B K. Xiong A 2T
CNN B 22 D E G HE R 27 27 A e S, o i e D' o F
IFANBE R IE o 7E C2=5X 10 ®m ° fE % 05 & H
50 m A BL R T E 6 TRAY AR S 4l BE DA 26. 91 %0 $E
) 93.12% , IR FEAL T =B

R R 58 R R R R T O A R 5 UK -
T (LG SR AE A WF 58 % G2 047 4% B, HoA% i B 5 40
B0 . AR ORI CNIN BIF 5% A% fi 55 < B 25 15 2% 00 e
AR 7 2SR R
2 e AR R A Ui AR

KA i It AL B[] A1 28 0] b 2 3 243 A 19, AE B4
5 B OEHRAE R &S T LEELREZ A
A [ 5 18] B 6 Bl AL AR A2 B 22 18] 328 47 45 i 0 6 R, an ]
1HiR .

AR 3¢ 2R ] Hill-Andrews B L8 18 K ST 5 R 0
R,

W B 2022-10-10; fEEBH: 2022-11-07; RABH: 2022-11-22; MEHEBEH: 2022-12-02
BE&UH: EXRAAREEE EIH (42271093) (FH 5K A AR 3 & 7 47 5 5 (12004218) | I AR A A B B i 5 H

(2021BJ055)
BIEEE . ‘weidongmei@sdnu. edu. cn;

e

jlayiyu0528@sdnu. edu. cn

0601013-1


https://dx.doi.org/10.3788/AOS221804
mailto:E-mail:weidongmei@sdnu.edu.cn
mailto:E-mail:jiayiyu0528@sdnu.edu.cn

& 43 % & 6 H1/2023 £ 3 B /KR

BT il i 2 R0 7 14 il i) 7R 78

Fig. 1 Schematic diagram of beam transmission through multiple phase screens
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Fig. 8 Compensation results. (a) Intensity profile in source plane; uncompensated and compensated intensity profiles with turbulence

intensities of (b) 1 X 10 % m %, (¢)2.5X 10 " m 3, (d)5X 10 “m **, () 7.5 X 10 “m **, and () 1 X 10" " m **, respectively
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Fig. 9 Mode purity before and after compensation
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Vortex Beam Phase Correction Based on Deep Phase Estimation Network

Liu Juan, Du Qian, Liu Fangning, Wang Ke, Yu Jiayi~, Wei Dongmei
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Abstract

Objective Vortex beams carry orbital angular momentum and have a phase factor exp(i/d), where / is the topological
charge number and @ is direction angle. Theoretically, / can take any integer value, and different orbital angular
momentum modes are mutually orthogonal. Therefore, in optical communication, the orbital angular momentum can be
used for information transmission and exchange or multiplexed to improve communication capacity. However, vortex
beams are affected by turbulence when transmitting in atmospheric turbulence, which results in the distortion of their spiral
phase and causes inter-mode crosstalk and reduced communication reliability. Many studies focus on compensating the
phase distortion of vortex beams, with adaptive optics systems commonly used. However, such methods require multiple
iterations, converge slowly, and easily fall into local minima. In recent years, convolutional neural networks have
attracted extensive attention in various fields due to their powerful image processing capabilities. Therefore, in this paper,
convolutional neural networks are used to extract atmospheric turbulence information from distorted light intensity
distribution and recover its distortion. This deep learning-based compensation method has even more accurate and faster
correction capability than adaptive optics systems. In view of this, convolutional neural networks are employed herein for
the phase prediction of atmospheric turbulence to achieve the phase compensation of Laguerre-Gaussian (ILG) beams and

improve modal detection accuracy and communication reliability.

Methods In this paper, a novel convolutional neural network, i. e., deep phase estimation network, is constructed to
achieve the prediction of turbulent phases. With this proposed deep network, a mapping between light intensity and
turbulent phase caused by atmospheric turbulence is established. Here two strategies are used for learning and predicting
the turbulent phase respectively: one uses a Gaussian beam as the probe beam, and the other makes a direct prediction with
an LG beam carrying information without a probe beam. In the target plane, the turbulent phase is predicted by intensity,
and the field is corrected by the predicted phase. The inputs of the networks of the two schemes are a Gaussian beam and
an .G beam, respectively, and the output is the corresponding predicted phase of atmospheric turbulence. The deep phase
estimation network performs feature extraction of the input light intensity profile by under-sampling through the encoder,
learns the atmospheric turbulence feature parameters by up-sampling through the decoder to achieve the reconstruction of
the equivalent atmospheric turbulence phase screen, and finally outputs the results. By learning and training a large
number of samples, the network structure proposed in this paper can achieve good prediction results at a transmission
distance of 500 m. In addition, five sets of intensity profiles with different turbulence intensities are set for testing and
verifying the network to prove that the network has strong generalization ability. Then, the compensation is achieved by

loading the reverse phase of the predicted phase on the distorted beam to exert the correction effect.

Results and Discussions In this paper, we construct a deep phase estimation network consisting of 15 convolutional
layers, 3 deconvolutional layers, and 3 skip connections (Fig. 6) by using an encoder-decoder architecture, which can
achieve phase prediction at long transmission distances. At a transmission distance of 500 m, after the network is trained
with the distorted beam at different turbulence intensities, it can predict the turbulence phase screen with a high agreement
with the simulation results of tests at five different turbulence intensities (Fig. 7). The prediction results are evaluated by
calculating the mean square error between them and the simulation results, and it is found that the network can effectively
extract turbulence information and has strong generalization ability (Table 2). The beam phase correction is achieved by
loading the predicted phase reverse to the distorted beam, and the intensity profile (Fig. 8) and phase (Fig. 10) are
corrected to a large extent. The mode purity of the corrected beam is greatly improved, and the mean square error of the

intensity image is significantly reduced (Table 3).

Conclusions The results show that the deep phase estimation network created in this paper can achieve phase prediction
more accurately, and it is trained to automatically learn the mapping relationship between the input sample light intensity
distribution and the turbulent phase and output the predicted phase. The phase compensation of the vortex beam is
achieved based on the predicted phase. The compensation effects of two schemes using a Gaussian probe beam and not

using a probe beam are investigated separately, and both of them are effective in correcting the distorted phase. They can

0601013-8



F43% F 6HI/2023 &£ 3 B/RFFER

predict the turbulent phase accurately under tests at five different turbulent intensities. After compensation, the mode

purity of the beam reaches more than 95% , and the mean square errors of the compensated light intensity image and the
source plane are both significantly reduced. Even in the case of C:=1X 10" m ** and transmission distance of 500 m,
the mode purity of the two schemes is improved from 20.5% to 95.2% and 96. 8% , respectively, after the compensation
of the prediction results with the deep phase estimation network, and the mean square error also decreases significantly. In
summary, the prediction results of the network model proposed in this paper are reliable, and the compensation

performance is good.

Key words atmospheric optics; vortex beam; convolutional neural network; phase prediction; atmospheric turbulence
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