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Abstract

Limited views and projection noise degrade visible tomography of negative-ion-based neutral beam
injection (NNBI). We propose a structure-guided denoising convolutional neural network (SG-
DnCNN): ROI-guided MaskGate modulates valid-region features, a learnable Gaussian structural
prior (GSP) provides a weak beam-envelope bias, and post-hoc projection residual consistency cor-
rection (PRCC) reduces reprojection discrepancy. The models were trained and evaluated on 960
existing simulated image pairs against Lee, TV, SART, and SART + TV. PRCC used an independently
constructed four-view surrogate projection model, and its projection-domain result was used only
to assess relative reprojection improvement under the surrogate observation model. On 48 test
samples, the combined MaskGate-GSP configuration showed lower overall error than the single-mod-
ule variants within the current module ablation. Three PRCC steps reduced MAE, MaxAE, and pro-
jection-domain MAE by 8.56%, 4.71%, and 1.66%, respectively, increased PSNR by approximately
0.70 dB, and slightly decreased SSIM. Under the current simulation protocol, the method balances
image-domain error and surrogate-model reprojection consistency; validation with source-matched
projections and real NNBI observations remains necessary.
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Figure 1. DnCNN residual denoising backbone network
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Figure 2. ROI mask guidance and gaussian structure prior module: (a) MaskGate; (b) GSP
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Table 1. Overall quantitative results of different methods on the test set (mean + standard deviation)

= 1. FRFEEMNRE LS

EELRE + REE)

ik MAE MaxAE PSNR/dB SSIM B MAE
Lee 0.04869 £0.01628 0.30001 +0.08218 23.816 +3.008 0.7171 £0.0871 0.01996 +0.00717
TV 0.04686 =0.01642 0.27140 £0.07425 24308 £3.128 0.7617 +£0.0780 0.02002 +0.00717
SART 0.19714 £0.02281  0.96600 + 0.02424 11.029+0.886 0.1892 +0.0416 0.01439 +0.00501
SART + TV 0.17963 £0.02352  0.90493 £0.02713 11.794+£1.009 0.2190 +0.0485 0.01445 +0.00503
SG-DnCNN 0.01815+0.00360 0.12152+0.02477 31.858+1.723 0.9417 +£0.0185 0.01574 +0.00480
SG-DnCNN +PRCC  0.01660 £0.00295 0.11580 +0.02402 32.560 + 1.553  0.9406 = 0.0224  0.01548 + 0.00485
Table 2. Network structure ablation results (mean + standard deviation)
2. PSS RIE + EE)
MR E MAE MaxAE PSNR/dB SSIM
DnCNN 0.01834 +0.00393 0.12930 +0.02759 31.719 £1.787 0.9308 £0.0211
DnCNN + GSP 0.01949 £+ 0.00374 0.13370 £ 0.02865 31.391 £1.705 0.9074 +0.0247
DnCNN + MG 0.02188 +0.00395 0.15886 = 0.03386 30.245 +1.587 0.8925 +£0.0326
SG-DnCNN 0.01815 +0.00360 0.12152 +0.02477 31.858 +1.723 0.9417 £0.0185
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Table 3. Test set results under different noise intensities

% 3. FEIMARE ANt SR

MR o DaRZA MAE PSNR/dB SSIM
0.08 SG-DnCNN 0.01681 32.528 0.9559
0.08 SG-DnCNN + PRCC 0.01489 33.464 0.9533
0.12 SG-DnCNN 0.01653 32.675 0.9477
0.12 SG-DnCNN + PRCC 0.01510 33.326 0.9514
0.15 SG-DnCNN 0.01808 31.806 0.9394
0.15 SG-DnCNN + PRCC 0.01680 32.398 0.9378
0.20 SG-DnCNN 0.02117 30.425 0.9237
0.20 SG-DnCNN + PRCC 0.01959 31.050 0.9200
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Figure 3. Reconstruction results of representative test samples under different noise intensities. The top and bottom rows
correspond to @ =0.08 and « =0.20, respectively, with each column representing the reference distribution, SG-DnCNN,
and SG-DnCNN + PRCC results in sequence
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