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Method of inverting wavefront phase from far-field

spot based on deep learning

Zhang Yang, He Yulong, Ning Yu, Sun Quan, Li Jun, Xu Xiaojun
(College of Advanced Interdisciplinary Studies, National University of Defense Technology, Changsha 410073, China)

Abstract: In the adaptive optics system, the accuracy and robustness of wavefront sensor greatly affect the
ability of aberration detection and closed-loop correction. In the condition of the nonuniformity of amplitude
distributions or insufficient of beacon light energy, it will cause accuracy decrease of Hartmann wavefront sensing
due to the lack of sub-aperture light. Meanwhile, the real-time performance of the wavefront sensing-free adaptive
system based on far-field spot inversion cannot meet the practical requirements. The method of the wavefront
inversion based on deep learning is to directly obtain aberrations by inputting the far-field light intensity image,
which can be used as an effective supplement to the adaptive optical system. Through numerical simulation, this
paper proved that the deep residual neural network could directly predict the Zernike coefficient of the wavefront
phase through the far-field spot. And experimental demonstrated the corrected residual RMS between input and
reconstructed wavefront phase was 0.08 waves, the average computation time was less than 2 ms by GPU
acceleration. This method can predict the Zernike coefficient of incident wavefront distortion more accurately,
and has a good aberration correction capability, suitable for measuring and correcting the main components of
wavefront distortion in traditional adaptive optics method, or providing a good initial wavefront estimation for

optimized adaptive optics.
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Fig.2 ResNet-50 architecture to estimate Zernike coefficients. (a) Composition of the network; (b) Structure of residual block
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Fig.3 Schematic diagram of intensity distribution-based wavefront phase sensing with deep learning
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Fig.4 Wavefront aberration and correction result of a simulation data. (a) Input wavefront; (b) Reconstructed wavefront; (c) Residual wavefront after

correction; (d) Intensity distribution of input; (e) Intensity distribution of reconstructed; (f) Comparison of actual Zernike coefficients and predict

Zernike coefficients
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Tab.1 Training result of the simulation data

FERT o A EG I AT RMS, BT 8 OE 5 I i 5k 22
RMS W] FEAR, HLUN I [l B . 45 2R R M, 22ad K
o RS I 2 ) TR B 2 2 A 22 ) 4, o W 2 90 i AT 4
Ui S EUCR . I, BEFE Zernike 22 T U 4E JEE 1A 4
T, ST i SN T ARORS A TR B . 22 40 4

Zernike RMS (input) RMS (residual) Mean predict time/ms Training time/min
15 0.14254 0.024 341 1.53 190
21 0.20104 0.03531 1.51 191
28 0.25234 0.03204 1.50 190
36 0.30934 0.05991 1.52 191
45 0.35694 0.080841 1.52 192
55 0.39764 0.09064 1.50 191
66 0.41944 0.10754 1.51 191

*Intel 17-8700 CPU, NVIDIA GTX-2080 GPU
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Tab.2 Training results with different noise

Item RMS (input) RMS (residual)
Original image 0.14254 0.024 34
Gaussian noise 0.14251 0.0367/

Poisson noise 0.14254 0.0329/
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Tab.3 Training results with different aberration

No. RMS (input) RMS (residual)
1 0.17191 0.02921
2 0.33981 0.05421
3 0.50764 0.07114
4 0.68471 0.08281
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Fig.5 Turbulence phase screen and corresponding Hartmann detector

sub-aperture spot distribution
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Tab.4 Training results with different low-light areas

Fig.5 RMS (input) RMS (residual)
(a) 0.14981 0.04004
(b) 0.14981 0.03764
(c) 0.14981 0.03394
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Fig.7 Wavefront aberration and correction result of a experiment data. (a) Input wavefront; (b) Reconstructed wavefront; (c) Residual wavefront;

(d) Intensity distribution of input; (e) Intensity distribution of reconstructed; (f) Comparison of actual Zernike coefficients and predict Zernike

coefficients
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Fig.9 RMS of the Zernike coefficient (the piston and tilt terms excepted)
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