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Reconstruction of the OAM complex-valued spectrum utilizing a physical
model-driven neural network : numerical simulation

LU Guodong,ZHANG Wuhong* ,CHEN Lixiang

(School of Physical Sciences and Technology, Xiamen University, Xiamen 361005, China)

Abstract : [Objective] The far-field diffraction patterns of high-dimensional orbital angular momentum (OAM) superposition states
contain not only OAM information but also far-field propagation details, with complex patterns. Non-neural-network methods for
reconstructing its complex-valued spectrum are inefficient, while traditional neural networks require high training resource. To
address this issue, we investigate a physics-model-driven neural network approach. [Methods] On one hand, the far-field diffraction
model of high-dimensional OAM superposition states was used to generate a series of far-field diffraction images. On the other hand,
the same physical model was employed to validate the reconstructed OAM complex-valued spectra. By embedding the physical model
into both the image generation and reconstruction processes, the dependence on large-scale training data was reduced, and also the
training efficiency was improved. [ Results] With only a single measurement, the training of the OAM complex-valued spectrum
reconstruction neural network was achieved in merely 2,000 iterations. Under uniform noise at 1/20 of the maximum simulated image
intensity, the proposed method demonstrated robust reconstruction performance across various simulated conditions. In near-ideal
simulation scenarios, the fidelity reached 0. 99. [Conclusion] Hopefully, the proposed approach for reconstructing high-dimensional

OAM complex-valued spectra can serve as a guide for the neural-network community.
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Fig. 2 Network framework and training process



.« 678 - JE TR 224 A RO

2025 4F

28 A0 T R RN B R A Il L e Ab, B Adam
e I ELBIABREE 42 )5 I3 — 1k 28 39 BR i 36 5 K/
By 1E 0 B R K. VN ZRA, A R P s AT 3 — 5 3k
4 Intel(R) Core(TM) i7-8750H CPU@2. 20 GHz,
8 GB RAM } NVIDIA GeForce GTX 1050 GPU
OGN R

2 MEXBRER

2.1 ETYERINEGEEEE
2.1.1 IZFHLTHIRAREY

T 75 20K A AR OAM B 1) o), 72 28
it Al — Yy P RS BRI WL 5 A8 — — X L R 7 5
FEIME. A SCRHDEHGE o = A8 FLIR SE 173 507 51
Ay AL, AR ) e 7 A S aok AR A F SRR R 5 S
EF ikl e e s

W 3Ca) s, P(aysyo) HFLAE pRECCEI =B
LD . Uy (o5 y0) RFLIA G AT 6. U, (21 531)
Y, d) A RS L IR, d, ik
B LIRS, M d, =d, . H 585 L ER
Jf FHAE , OISR R Ay B AR A L AR e, i SO
1 RIPAy SR T BP0 25 8 rf B I 28 8 IR S 400 1 A 5 AR, T
DAL S 45 R T .

WAL K [ 22 R 632. 8 nm, FEALAE AL OAM &
IS I IR SR AR AT G . PR AT 5 R R
YRR B2 25 105 A BIAT 3RA5 0] 46 OAM &A1)
AR, WAEEE GV, & 550w 1A 2]

U0, Yo) f\\ U.(xi, »1)
P(xo, %)
d, d.
(a) EHLIH A5
Us(xo, o) ff([/\\sm((ﬂ) Ux1, 31)
P(xo, %)
) d,=f. tan(p/2) d,=f, tan(p/2)

(b) Zr¥cfb B AR {5

3 i AR
Fig. 3 Far-field diffraction model

JEE I FHAB R pRECEE TH ) 265 1) HE A

R — 20 K 0 ) 45 8 U RE ), A B B H — i
PE AR IE S LTI R E d) d, TEORFFAISERY
A FAEAL. It d, = d, 7 f . BEIRVE IS o
Hod L AR50 K Y Lohmann [ JE B2 R G,
BT FIR AR

Uiy = || UsCan ) ABdady

[in(l‘g + yi 4 2t er%)] X

A= exp A, tan ¢

€Y

B = exp[ RS 2],
Hp, £OMEERERE. 3RS d =d, =
fotan(e/2) H f= f. /sin o B, % a = 2¢/7, WG4
ARG ATCHAE a By o5 AR o7
2.1.2 OAM E mEHIE 5T E BGEHE

H5G, BEHLAE iR E R 176 X176, L € [—10,10]
21 4~ LG R A w4k OAM BN, A T ik
P BN BRE | 9 = Do Aexplg) | D H

H1, A >0,¢, € (0,20, TEIES L ATEEE d).d. N
=500 mm B}, 53 5 BUE B = A FLIK R 50,
70,90 1R 2 A3 WX AT I R L. R T S0AIE 4
22 245 TR PR RE T L TE D BB X B A BUR L 24
RIS ST S T, 250 W s it B i A RS e
KERPERY 1/20. P53 i 2k R B L E R 7 o 1/5.
2.2 FE&R
2.2.1 HEREFLZRR~TXE RN

Bl 4 AR = AL K N A OAM & s
R 1 S R S OAM & (H 3% B a0 45 0.

Xof LA B S A0 5 S ASHER Hh fE RS FL AR
RO X328 37 17 S5 LA %) LA 5 i) B A8, 56 B 3z 3 3
UG AL B 6T B OAM B H 1SS 4., 1 5 1%
s L R IME E R, OAM & {8 3% 14 21 4 445 o1 % 1]
SR FH W BEASE TR SR Sl 11 25 1) it 28 T 4% 1T AR A b A2 D
A, R g, [RIBSE, BUAS % A 45 A AR P R %R 2 000
UL RERE 200. 62 s, IZ YNGR 2% T4 Gk 58 K
BN LR X FE N FHACR R T L EE K
w7

WHERSSHIEENREEEF =] (@] ¢) %,
IS PSR 0K Bl 10 1 2 R 4% 1) OAML 2 {3 7 Pk
RE. B LR AR = A L 3 K i = 2 SR o il i
DR ST 5H -

F, = 0.99+0.01,



54 FE E RS LT Y AR R IR B A R 22 R 4% 19 OAM & (3% T 4 < 679 -
®) 04 173 I-i)’@
0.3
< 0.2
0.1
s0f4% 0

-10 -8 6 4 2 0 2 4 6 8 10

-10 -8 6 4 2 0 2 4 6 8 10

S

TSR

2
-10 8 -6 -4 2 0 2 4
/
OAMEAH IER 2RI 2% A A 451 5 HLS
4 RRFRFLER ST T AR OAM ZNASmg At EE 5 OAM & {E i ) & @25

Fig. 4 Far field diffraction images of OAM superposition state generated under different mask aperture sizes and

reconstruction of OAM complex-value spectra
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