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Fig.1 (a) The U-net architecture incorporating an attention mechanism, comprising encoder layers (green

modules) and decoder layers (colored modules); (b) Encoder architecture; (c) Decoder architecture.
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Fig. 2 (a) Overview of the convolutional block attention mechanism (CBAM) module; (b) Spatial atten-

tion module; (c) Channel attention module.
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Fig. 3 Point spread function comparison.
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Fig. 4 (a)Ground truth ; (b)Traditional imaging results ; (¢)OEI reconstruction results .
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Fig. 5 Numerical simulations of the “astronaut” test object image were conducted at different

sampling rates, and the results of various reconstruction algorithms were compared.

K1 OAFEPREERGE-RAET “FHR" BBRNER IR,

Tab. 1 Quantitative comparison of the “astronaut” image under different sampling rates and reconstruction algorithms.

Methods\Sample-rate 5% 10% 20% 30% 40%

PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM

OFEI 15.05/0.47 14.97/0.57 15.07/0.63 15.33/0.64 17.33/0.64
U-net 17.73/0.69 19.99/0.75 21.21/0.87 23.15/0.88 23.32/0.90
U-attention 19.25/0.73 21.03/0.81 23.72/0.89 24.38/0.91 24.61/0.93

WORELEE ERINEEM . 1550 TR B 2S [ A SR R i) B 1E 54, BMEAE SR = 5% 11
Wi 551, BRZBRT YRR IR, MR TC IR B Rl i BE , (EAH T A EE , i E Ay
1) PG RIS ) T LART AR A 5 S A TR, R Akt o) T St DX ) Pl 52 e sl oxod 244 %%
BRI At R E A, RIE(EEME L (Peak signal-to-noise ratio, PSNR)) Fl14f
R (Structural similarity, SSIM)ESAERTEAN AR, I BARPIATEARRBE N E &)
BEEAR M) TR 1 AR 20 Bk, U-attention J5i7E Fr A RAER IR RETE AR
BENTXHITE  FEARSERGRAES SR = 5% W}, #1%F “FHio” KR, U-attention [
PSNR A% 19.25 dB, SSIM >4 0.73, #H L&Al U-net (PSNR 17.73 dB, SSIM 0.69) 45T}
T 1.52.dB A1 0.04. X—{EHBAE “pr 17 BB EERFIMRSE, H PSNR 1A% 21.94 dB, &
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Fig. 6 Numerical simulations of the “house” test object image were conducted at different sampling

U-attention LLpet

rates, and the results of various reconstruction algorithms were compared.

K2 AFPREERSGEERET BT HRIERLK.

Tab. 2 Quantitative comparison of the “house” image under different sampling rates and reconstruction algorithms.

Methods\Sample-rate 5% 10% 20% 30% 40%

PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM

OEI 18.38/0.45 18.97/0.55 19.36,/0.66 21.05/0:69 20.63/0.71
U-net 20.62/0.48 22.37/0.61 23.41/0.71 24.02/0.76 24.37/0.79
U-attention 21.94/0.51 22.93/0.62 23.45/0.76 25.28/0.79 25.64/0.82

1He5E OFL 1) 18.38 dB. XM, RIEEAIw BN B A BRI AR s TR AFESRAE T, ERIAL
il IR BEAE S A RAZ D APAEA PG HEFT 4, (AR B HSL, WM e
JME R LRI 2 . Bl RFERIEINE SR =40% B}, BRI RFAE, Tt
FEEG PSNR 7} % 24.61 dB, SSIM 5% .0.93, #HH U-net 43 FI523 7 1.19 dB F1 0.03
WEETE. FIAGIRUESE, RMEEBIRTUAR AR OL T, YR PLRIHIA g i i ks 4tk
SEFEAN [A] ROBE () RAAE E Te ik, 35 Bl M 4 1 i B ek BB R e BBR, MIMHE PSNR A1 SSIM |
BRI

PIESREW, 2R TEESA T E LS OEL DASAERARAFE T 415K 52 68 1A
JERYIEAD U-net, 5 AYERE IHLHIAY U-attention W45t H G A HERHEACEE , (15 2% 6E
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Optical eigenmode imaging based on convolutional neural networks
ZHOU Yishen LI Qi WANG Xiang  SONG Jiakang  JIA Kanxu  ZHANG Xuange  CHEN
Xihao T
School of Physics, Liaoning University, Shenyang 110036 , China

Abstract

Optical eigenmode imaging (OEI) is a computational imaging method based
on the expansion and projection of eigenmodes within an optical system. It
acquires target images by characterizing and reconstructing spatial distribution
information in the mode space. However, under low sampling rates, traditional
OEI reconstruction is fundamentally limited by modal incompleteness, leading

to the loss of high-frequency information. This physically manifests as enhanced
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side-lobes in the system’s point spread function and severe artifacts in the re-

constructed images, thereby compromising edge sharpness and detail fidelity. To
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overcome these physical limitations, we propose a physics-driven, complex-valued
convolutional neural network framework that seamlessly integrates physical laws
with deep learning by incorporating the optical imaging physical model as an in-
trinsic constraint. Unlike conventional data-driven approaches that rely on mas-
sive paired datasets, our method utilizes an untrained complex U-net optimized
through a self-supervised strategy. The network treats the real and imaginary
components of the optical field as independent channels to strictly preserve phase
information. Furthermore, to specifically address the issue of detail loss caused
by modal incompleteness, we integrate a convolutional block attention module
(CBAM) into the network’s decoder. This mechanism achieves high-quality image
reconstruction through adaptive feature weight adjustment.

Numerical simulations indicate that under extremely low sampling rates,
where traditional OEI fails to recover meaningful structural details and the base-
line U-net suffers from residual artifacts, our attention-enhanced model success-
fully suppresses side-lobe-induced artifacts. Comparative validations demonstrate
that superior image fidelity and structural similarity are achieved compared to
traditional OEI algorithms and baseline deep learning approaches; effectively mit-
igating structural degradation caused by modal incompleteness.  This method
provides a robust solution for OEI, enabling high-quality super-resolution imag-
ing without the need for high sampling redundancy or external training datasets.
Keywords: optical eigenmode imaging; image reconstruction; convolutional neural net-

works; attention mechanisms
PACS: 42.30.Va, 42.30.Wb, 89.20.Ff, 42.30.-d
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