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Abstract

Neutron radiography is indispensable in the non-destructive testing (NDT) of complex equipment.
However, constrained by optical scattering within the detector’s scintillator screen and high Pois-
son-Gaussian mixed noise, raw projection images often suffer from low spatial resolution and
blurred edges. Traditional image restoration algorithms easily lead to an “over-smoothing” effect,
while conventional deep generative models, when reconstructing high-frequency details, frequently
produce severe “Al hallucinations” and structural distortions due to the lack of physical con-
straints. To address these bottlenecks, this paper proposes a Physics-Informed Generative Adver-
sarial Network (PI-GAN) for super-resolution reconstruction. The proposed algorithm innova-
tively constructs a differentiable forward physical degradation layer based on the neutron Point
Spread Function (PSF) and introduces a physical consistency loss, strictly restricting the neural
network’s texture generation space to a manifold permitted by physical laws. Simultaneously, by
combining a residual channel attention mechanism with a relativistic discriminator, the network
achieves end-to-end high-fidelity feature extraction under extremely low signal-to-noise ratios.
Experimental results on typical industrial samples demonstrate that the proposed algorithm not
only thoroughly suppresses strong mixed noise but also fundamentally eliminates artifacts such
as fabricated wavelets. Compared with traditional filtering methods, this algorithm achieves sig-
nificant improvements in Structural Similarity (SSIM) and Peak Signal-to-Noise Ratio (PSNR). Fur-
thermore, Modulation Transfer Function (MTF) analysis confirms that it preserves the ultimate spa-
tial resolution almost losslessly. This research provides a novel theoretical framework and algorithmic
support for breaking through the hardware bottlenecks of neutron imaging and realizing high-pre-
cision NDT.
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Figure 1. Mechanism of neutron interaction with matter
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Figure 2. Mathematical model of the forward physical degradation process in single image
super-resolution reconstruction
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Figure 3. Super-resolution reconstruction architecture and loss function adversarial
mechanism based on Generative Adversarial Network (GAN)
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Figure 4. “Al hallucinations” and structural distortions generated by generative models without physical constraints
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Table 1. Key hyperparameter settings for the training of the PI-GAN algorithm
& 1. P-GAN BRI X BB S HRER
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WG S > % Ir 1%10™

ARz &S5 B 0.9
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3 — BB A 0.5
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Figure 5. Visual comparison of different preprocessing algorithms on complex neutron projection images. From top to bottom:
cylinder, cube, and indicator with precise small holes. From left to right: raw image with heavy noise, traditional filtering
method, and the proposed PI-GAN algorithm
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Table 2. Comparison of objective evaluation metrics for different preprocessing algorithms on complex neutron projection
images
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Figure 6. Comparison of average MTF curves for different preprocessing algorithms
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