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Fig. 1 Atmospheric phase screens and SH-WF'S focal plane images under different turbulence intensities. The top three

subplots show the atmospheric phase screens simulated for 7, = 20.2 cm, 14.4 cm, 10.1 cm, while the bottom three subplots show

the corresponding wavefront sensor images.
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Fig. 2 Wavefront sensor spot feature extraction results. The top three subfigures show the corresponding light spot intensity,

a-direction centroid offset, and y-direction centroid offset. The bottom three subfigures show the three second-order moment

components of the spot.
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4. Main Structure
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Fig. 3 The structure of the Moment-U-Net network consists of four components: (1) DenseBlock structure, which enhances

feature reuse through dense connectivity; (2) downsampling module, which reduces spatial resolution and extracts high-level

features using convolutional and pooling operations; (3) upsampling module, which restores spatial resolution via transposed
convolution (TransConv); (4) main framework of Moment-U-Net, which integrates DenseBlock, downsampling and upsampling
modules, and also includes convolutional layers (Conv), activation functions (ReLU), group normalization layers (GN), channel

concatenation layers (C), and dropout layers (Dropout). The input features are: [,,.,,, Az, Ay, M,,, M,,, M,
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Fig. 4 SEBlock architecture. Generates channel weights
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(ReLU and Sigmoid) to recalibrate the importance of each

channel.
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Fig. 5 The convergence curve of the validation set. The
horizontal axis represents the training steps, and the vertical
axis represents the loss function value. The validation loss
converges within 60 iterations, with a final
loss value of 0.013.
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Fig. 6 Comparison of wavefront reconstruction under
different turbulence intensities. The three subplots from top
to bottom correspond to three atmospheric coherence lengths

ro = 20.2 cm,14.4 c¢cm, 10.1 cm, respectively. In each subplot,
from left to right, the phase screens are: the reference phase
screen and the reconstructed phase screens obtained using
Moment-U-Net, Moment-U-Net without 2nd-order moments,
and the Zernike Mode Method.
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The color bar is in units of micrometer (ym).
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Wavefront Reconstruction Method Based on Multi-Feature Fusion in
Neural Networks

LI Wen-long'?3 ZHAO Gang'? DOU Jiang-pei'? ZHU Yong-tian'?3
ZHANG Xil? WANG Gang'?
(1 Nangjing Institute of Astronomical Optics & Technology, Chinese Academy of Sciences, Nanjing 210042)
(2 Key Laboratory of Astronomical Optics & Technology (Nanjing Institute of Astronomical Optics & Technology),
Chinese Academy of Sciences, Nangjing 210042)
(8 University of Chinese Academy of Sciences, Betjing 100049)

Asstract The Shack-Hartmann Wavefront Sensor (SH-WEFS) is widely used in adaptive optical
systems. To fully utilize the information contained in SH-WFS images, a neural network-based
wavefront reconstruction method called Moment-U-Net is proposed. Besides the centroid used in
traditional wavefront reconstruction methods, this approach additionally uses spot intensity and second-
order moment features to characterize spot shape information, enabling high-precision wavefront
reconstruction. Moment-U-Net adopts U-Net as its main architecture and assembles feature extraction
modules such as dense connection modules DenseBlock (Dense Convolutional Block) and channel
attention mechanisms SEBlock (Squeeze-and-Excitation Block), allowing effective capture of higher-
order aberration features during training. The model demonstrates excellent convergence when trained
using large-scale simulated atmospheric phase and wavefront image data. Validation tests with
simulated atmospheric turbulence of varying intensities show that Moment-U-Net achieves root mean
square reconstruction errors ranging from 0.010 pm to 0.025 pum. Additionally, this method has high
reconstruction precision for faint stars, achieving errors below 0.070 um for 8th magnitude stars.
Experimental results demonstrate that Moment-U-Net not only has high wavefront reconstruction
precision, but also has strong generalization capabilities across different turbulence intensities and
stellar magnitudes. This highlights its potential for practical observational applications to enhance the
correction capabilities of adaptive optical systems.

Key words atmospheres: atmospheric turbulence, waves: wave-front sensor, adaptive optics
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