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5 MBConv6, k3X3 16X16 80 3
7 MBConv6, k5X5 8X8 112 3
7 MBConv6, k5X5 8X8 192 4
8 MBConv6, k3X3 4X4 320 1
9 Convl X1 & Pooling & FC 4X4 33 1
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Fig.10 Comparison of averaged RMS and SR before and after reconstruction under different turbulence conditions based on
1 000 test samples. (a) Comparison of RMS; (b) Comparison of SR
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Table 2 Statistics of parameters, training time, and inference time for different models

Model Parameters(M ) Training time/min Inference time/ms
CNN 0.98 62.66 0.63
EfficientNet-B0 4.05 105.86 6.3
ResNet50 23.04 255.56 5.4
MobileViT 5.01 155.11 8.4
Initial CNN EfficientNet-B0O ResNet-50 MobileViT
5 5 5
0 0 0
S -5 5
-10 -10 -10
, E— 0 e—— , — 1.0 — 1.0
(D) SR=0.0638 (bl) SR=0.5678 (b3) SR=0.7824 (b4) SR=0.8707
0.8 0.8
0.6 0.6
0.4 0.4
0.2 0.2
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50 Fn Mobile ViT #y £ & J& # 7 4 % 77 5 (b) 4 41 44 B9 PSF; (b1)~(b4) 2 4] 25 & & 4 A 3t i 69 £ )R J5 By PSF

Fig. 12 Comparison of reconstructed results for a random wavefront aberration under D/r7,=15. (a) The original wavefront;

(al) ~ (a4) correspond to the residual wavefronts reconstructed by CNN, EfficientNet-B0O, ResNet-50, and

MobileViT, respectively. (b) Initial PSF; (b1)~(b4) represent the reconstructed PSFs corresponding to each model
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Fig. 13 Comparison of reconstructed results for a random wavefront aberration under D/r,=20. (a) The original wavefront;

(al)~(a4) correspond to the residual wavefronts reconstructed by CNN, EfficientNet-B0, ResNet-50, and MobileViT,
respectively. (b) The initial PSF; (b1)~(b4) represent the reconstructed PSFs corresponding to each model

4 %ig

ARSCHE T — Bl T Mobile ViT #E R AH (7 22 % 58 AR Zernike F 0N 55 P Al 52 J5007 12, i 3 R i 27
THARSEI T A R AR AR BRI AE o AT AR GE I 3R AL AR SR L 3% 07 TR R T P TR S T A
PSF [ & 8 #0055 3~35 Bir Zernike %o LAAS [ 3 U0 4% 08 & 89 3 AT 4R 22 1 0 B JROxE &, 4 Hr 2 T
MobileViT K AT EAYPERE . A AE T 3T e, [AIF45 ) T CNN ResNet=50 Fl EfficientNet-BO BRI ) & 545 R

5 CNN . ResNet=50 F1 EfficientNet-B0 Xl , Mobile ViT 76 A [ i it 5 B N 4 R T odrkag . 4550 %
Y, CNN B8RS B SR 2 Bk /)y 3 LA i) b, {H 52 J50R0 R B db B 2 o 55 i O A% £ T, CNINL ResNet=50,
EfficientNet-BO Al Mobile ViT U 7 22 fi 45t b A2 S8R o (H Bl 5 dit 70 568 122 398 0, CININ B9 52 TR 3216 L
B R EfficientNet-B0 A9 & JFURS B B AR T ResNet—-50, 1fif Mobile ViT A5 7 i 2 {585 8 19 B JORS 1, HLok
ARWCHT RMS f /I, B U SR R, 7 H 78 55 it 3L 2% 1 00 6 iy Wy 22 AT S 0 Y B RV o [A) I, Sd A X |
Zernike 500 BUNE 5 B SLH A9 MAE, 7] DL H Mobile VIT ZEAN [ it T 52 52 W fe /IS R B 1 AR e TR 1
THERA . 255280 IR R AHE L B 9 X [, Mobile VIT 7E82 t A6 5 ks BE 2 18] S8 0 T e P4

T IR T A 2] 45 G R L 25 1 AE TC I T ER I S NG JR G b i N T O AR T T i AL
TE A 3 R 30 IR B AR, Ay R SO ' 3 A 4 U i) S B o R B TR L . R — B R
LS - 15 3 — 2D B R AR SR 4 5 125 A S R
5% 3Lk
[1] JIANG Wenhan. Overview of adaptive optics development[J]. Opto-Electronic Engineering, 2018, 45(3): 170489.

OB AE R R RERIR[T]. 6 TR, 2018, 45(3): 170489.

[2] ANGEL JR P, WIZINOWICH P, LLOYD-HART M, et al. Adaptive optics for array telescopes using neural-network

techniques[J]. Nature, 1990, 348(6298): 221-224.

[3] NEMOTO K, FUJII T, GOTO N, et al. Transformation of a laser beam intensity profile by a deformable mirror [J].

Optics Letters, 1996, 21(3): 168-170.

[4] JIANG Jisong, JIANG Aimin. Numerical model and verification of anisoplanatic imaging based on time-varying phase

0101001-10



S AR 45 T Mobile VT A58 78 1) AH 07 22 1% 0% i B Ji

[7]

[8]

[9]
[10]

[19]

[20]

[21]

[22]

[23]

[24]
[25]

screens| J|. Acta Photonica Sinica, 2020, 49(3): 0301001.
PEAE RS, LRI LT i 2R ML B A0 Al 45 2 AR B A R ik [T ). 74412, 2020, 49(3) 2 0301001.
VORONTSOV M A, CARHART G W, COHEN M, et al. Adaptive optics based on analog parallel stochastic
optimization: analysis and experimental demonstration[J]. Journal of the Optical Society of America A, 2000, 17 (8) :
1440-1453
GENG C, LUO W, TAN Y, et al. Experimental demonstration of using divergence cost—function in SPGD algorithm for
coherent beam combining with tip/tilt control[ J]. Optics Express, 2013, 21(21) : 25045-25055.
ZOMMER S, RIBAK E N, LIPSON S G, et al. Simulated annealing in ocular adaptive optics[J]. Optics Letters, 2006,
31(7): 939-941.
YANG P, AOM W, LIU Y, et al. Intracavity transverse modes controlled by a genetic algorithm based on Zernike mode
coefficients[J]. Optics Express, 2007, 15(25): 17051-17062.
LECUN Y, BENGIO Y, HINTON G. Deep learning[J]. Nature, 2015, 521(7553) : 436-444.
CAO Yang, ZHANG Zupeng, PENG Xiaofeng. Wavefront distortion restoration method based on residual attention
network[ J]. Acta Photonica Sinica, 2022, 51(12): 1206002.
HPH, GRALING , 2 /NI . 3 5 22 0 ) I 4% BRI i e AR B U7 iR LT ] 06 a2 i, 2022, 51(12) 1 1206002.
PAINE S W, FIENUP J R. Machine learning for improved image-based wavefront sensing[J]. Optics Letters, 2018,
43(6): 1235-1238
LIY, YUE D, HE Y. Prediction of wavefront distortion for wavefront sensorless adaptive optics based on deep learning
[J]. Applied Optics, 2022, 61(14): 4168-4176
SIDDIK A B, SANDOVAL S, VOELZ D, et al. Deep learning estimation of modified zernike coefficients and recovery
of point spread functions in turbulence[ J]. Optics Express, 2023, 31(14): 22903-22913
GONSALVES R A, CHIDLAW R. Wavefront sensing by phase retrieval [ C]. Applications of Digital Image Processing
I, SPIE, 1979, 207: 32-39.
MA Huimin, JIAO Jun, QIAO Yan, et al. Wavefront restoration method based on light intensity image deep learning[J].
Laser & Optoelectronics Progress, 2020, 57(8): 081103.
R, BRI, L R R TR R IR ST M BT R S L [T ] Mot 5ot e T ik, 2020, 57(8) -
081103.
MA H, ZHANG W, NING X, et al. Turbulence aberration restoration based on light intensity image using Googl.eNet
[C]. Photonics. MDPI, 2023, 10(3): 265.
WU Yu, GUO Youming, BAO Hua, et al. Sub-millisecond phase retrieval for phase-diversity wavefront sensor[J].
Sensors, 2020, 20(17): 4877
KOK Y E, BENTLEY A, PARKES A, et al. Direct Zernike coefficient prediction from point spread functions and
extended images using deep learning [J/OL]. arXiv: 2404.15231, 2024. (2024-04-23) [2024-12-21].https://doi.org/
10.48550/arXiv.2404.15231.
XU Yuanzhai, TANG Qiuyan, WANG Xiaojun, et al. Double spots based deep learning wavefront reconstruction and
correction| J]. Chinese Journal of Lasers, 2024, 51(13): 1301005.
VFOUR, REAKHE, TN, AR T RURHE R BB > P i A R MRGELT ). P RO, 2024, 51(13) : 1301005.
DING Y, YIZ, LIM, etal. HI-MViT: A lightweight model for explainable skin disease classification based on modified
MobileViT[J]. Digital Health, 2023, 9: 20552076231207197.
ZHANG M, LIN Z, TANG S, et al. Dual-attention-enhanced MobileViT network: a lightweight model for rice disease
identification in field—captured images[J]. Agriculture, 2025, 15: 571.
MEHTA S, RASTEGARI M. MobileViT: Light-weight, general-purpose, and mobile-friendly vision transformer[J/
OL]. arXiv:2110.02178, 2021. (2021-10-05) [2025-9-20].https://doi.org/10.48550/arXiv.2110.02178.
SANDLER M, HOWARD A, ZHU M, et al. Mobilenetv2: Inverted residuals and linear bottlenecks[ C ]. Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2018: 4510-4520.
CHEN Y. Convolutional neural network for sentence classification[ D ]. University of Waterloo, 2015.
HE K, ZHANG X, REN S, et al. Deep residual learning for image recognition[ C]. Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2016: 770-778.
NOLL R J. Zernike polynomials and atmospheric turbulence[J]. Journal of the Optical Society of America, 1976, 66(3) :
207-211.
ZHANG Xingyun, LUO Fanglin, LI Nan, et al. Phase diversity wavefront sensing and image reconstruction [ J]. High
Power Laser and Particle Beams, 2021, 33(8): 081010.
KAz, BIOFHE, A, AF RG22 TR S R [T ] SREOE SRR, 2021, 33(8): 081010.
RODDIER N A. Atmospheric wavefront simulation using Zernike polynomials[J]. Optical Engineering, 1990, 29(10) :
1174-1180

0101001-11



Wavefront Reconstruction Using Phase Diversity Based on
the MobileViT Model
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Abstract: In adaptive Optics (AO) systems, wavelront aberrations are commonly represented by Zernike
polynomials, whose coefficients describe distortions such as tilt, defocus, coma, and spherical aberration.
Accurate estimation of Zernike coefficients is critical for high—quality imaging and effective wavefront
correction. Due to the symmetry of the Fourier transform, Zernike coefficients with opposite signs can
produce identical Point Spread Function (PSF) images, causing ambiguity in coefficient prediction. The
Phase Diversity (PD) method mitigates this issue by simultaneously capturing focal and defocused intensity
images, introducing additional phase information to improve reconstruction accuracy.

Based on PD theory, this study proposes a MobileViT-based wavefront reconstruction method. The
approach uses a pair of focal and defocused intensity images as input and automatically extracts image
features to achieve non-iterative phase retrieval. The reconstruction performance of MobileViT is
systematically evaluated under varying turbulence intensities and compared with CNN, ResNet-50, and
EfficientNet-B0O models, providing a reference for practical applications.

Experimental results demonstrate that MobileViT consistently outperforms the other models across all
turbulence conditions. Although CNN has the fewest parameters and fastest inference, its reconstruction
accuracy is the lowest. Under weak turbulence, all four models achieve reasonable wavefront
reconstruction; as turbulence intensity increases, CNN's accuracy deteriorates, EfficientNet-BO performs
slightly worse than ResNet-50, and MobileViT maintains the highest accuracy, with the smallest residual
RMS and largest Strehl Ratio (SR) , indicating stronger robustness under strong turbulence. Mean
Absolute Error (MAE) comparisons of predicted versus true Zernike coefficients further show that
MobileViT is least affected by turbulence, achieving superior precision and stability.

Considering reconstruction accuracy, model size, training time, and inference speed, MobileViT
achieves an optimal balance between lightweight design and high precision. This method demonstrates
strong robustness under varying turbulence conditions, improving wavefront correction efficiency while
reducing hardware dependency. These findings highlight the potential of combining deep learning with
phase diversity for practical sensorless AO systems and suggest promising applications in fields such as
astronomical imaging and laser communications. Future work will involve building an experimental
platform to further validate the proposed approach.

Key words: Adaptive optics; MobileViT model; Phase diversity; Zernike coefficients; Wavefront
reconstruction
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