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Project Overview

Inverse scattering is widely used in medical imaging, geophysical exploration, and nondestructive testing, but traditional methods often
suffer from nonlinearity, ill-posedness, and noise sensitivity. This project develops a physics-informed deep learning framework for inverse
scattering, combining mathematical modeling with data-driven methods to improve reconstruction accuracy, efficiency, robustness, and
interpretability. By incorporating tailored neural architectures, multi-frequency strategies, Bayesian inference, and uncertainty quantification,
the project aims to provide both theoretical support and practical solutions for complex inverse scattering problems.

: Research Achievements g

Develop high-accuracy reconstruction methods that couple physical priors, numerical methods, and deep
learning under sparse, limited-aperture, and ill-posed observation settings.

Inverse Reconstruction

An efficient matching Schur complement

A two-stage framework was developed for
limited-aperture grating reconstruction,
where a dual-branch cross-attention network
first recovers missing data and a Newton-
type method then reconstructs the profile
with high robustness.

A Fourier-based physics-informed method
was combined with a U-Net to achieve robust
inverse source reconstruction from sparse far-
field data, with strong performance under
high noise and incomplete low-frequency
information(!l.

preconditioning technique was developed for
time-fractional diffusion inverse source
problems, establishing size and regularization
independent linear convergence of the PCG
solver and enabling stable, efficient inversion

for ill-conditioned systems under noisy datal2].
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Figure 3: The surface plots of Error.

' Figure 2: Reconstruction results for disk sources
Figure 1: The illustrations of network architecture.  ynder 5%, 50%, and 100% noise levels.
Provide interpretable error analysis and expressive support for deep models in inverse problems from the

Theoretical Foundations A e S :
perspectives of approximation theory, generalization theory, and operator learning.

* The adaptive approximation and estimation ability of deep neural networks was analyzed, showing that they can accommodate

nonuniform function regularity and nonuniform data distributions(?l.
* Approximation and generalization theory was developed for neural operators with prescribed structures, clarifying how differentiability

and operator design influence learning performancel*l.

Explore structural recovery, low-rank modeling, and feature extraction for incomplete, degraded, and high-
dimensional observations, providing stable information representations for complex inverse problems.

Structural Representation

A PCA-based model was proposed to recover
surfaces from incomplete point clouds by
extracting local geometric information and
using it as structural regularization(®],

* An unsupervised feature selection method

* A deep low-rank tensor representation framework | *
was developed for recovering degraded multi-
dimensional data, improving the preservation of
intrinsic structure in complex observations(!.,
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was designed to preserve both global
% s ~ g distributional information and local structural
ra— - T Ty information while reducing redundancy in
X € Rz x g RMXeXns g g Rr2XnaXng high-dimensional datal”. Figure 5: Three-dimensional examples of Surface

Figure 4: Illustration of tensor self-representation. Reconstruction from Incomplete Point Clouds.
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And including the results highlighted above, the project produced 10 SCI papers.
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