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Abstract: Ghost imaging is inevitably affected by complex noise in practical scenarios, making it difficult
to simultaneously achieve structural recovery and noise suppression. To address this problem, this paper
proposed a two-stage snapshot ghost imaging reconstruction framework combining Tikhonov regulariza-

tion with deep denoising. In the first stage, Tikhonov regularization was employed to solve the inverse
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problem of ghost imaging, where the regularization constraint suppressed ill-posedness to obtain a stable
initial reconstruction with well-preserved structural information. In the second stage, a Noise2VST mod-
ule incorporating a physics-based data-fidelity constraint was developed as an adaptive deep denoising mod-
ule through joint optimization. The residual complex noise was first mapped into an approximately additive
white Gaussian noise distribution via a variance-stabilizing transform. Adaptive denoising was then per-
formed under the joint constraints of self-supervision and a physics-based data-fidelity constraint, effective-
ly removing residual noise while preserving image details and edge structures. Experimental results demon-
strate that the proposed method consistently achieves favorable reconstruction performance under different
sampling conditions. Under high-sampling conditions, compared with the Tikhonov method, the proposed
method improves PSNR by 4. 68 dB and SSIM by 0. 375. Under lower-sampling conditions, it maintains
competitive visual quality and quantitative performance, demonstrating its effectiveness and robustness.
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Tab.2 PSNR/SSIM comparison of different methods on the “house” image at different sampling rates

Sampling rate 1/18° 1/24° 1/307 1/36° 1/42? 1/48°
OMP 9.66/0.2697 9.66/0.2804 9.71/0.2775 9.75/0.2430 9.59/0.2505 9.79/0.2654
TVAL3 15.21/0.4253 14.89/0.4225 15.36/0.418 3 15.45/0.403 3 15.65/0.386 4 16.01/0. 386 7
TVNLS 14.49/0.482 8 14.54/0.4556 14.71/0.4358 14.56/0.424 6 14.63/0.4158 14.91/0.4180
PnP-ADMM 18.78/0.3739 17.56/0.399 6 17.22/0.412 1 16.94/0.384 4 16.88/0.389 5 16.87/0.362 9
Tikhonov 23.66/0.543 8 22.09/0.454 2 21.59/0.4334 21.93/0.423 3 21.46/0.407 6 20.66/0.3755
Tikhonov+DRUNet  27.42/0.889 6 25.30/0.7989 23.23/0.7327 23.13/0.699 2 22.53/0.6749 21.73/0.653 2
Tikhonov-+Noise2VST 28.20/0.917 1 25.77/0.8204 23.59/0.7556 23.58/0.7227 22.87/0.6919 21.87/0.660 8
TP-N2VST 28.34/0.918 5 25.78/0.8207 23.67/0.756 4 23.61/0.723 3 22.89/0.6927 21.92/0.6535

Note:Bold and underlined values indicate the best and second-best results, respectively.
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Fig. 6 Results of "usaf" under different methods
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Fig. 7 Reconstruction details of the “usaf” image obtained using different methods.

K3 FEFEMRERET IR E 5 PSNR/SSIM 39 bt
Tab.3 PSNR/SSIM comparison of different methods on the “usaf” image at different sampling rates.

Sampling rate 1/18 1/24 1/30* 1/36 1/42* 1/48
OMP 3.53/0.0950 3.50/0.0918 3.56/0.0966 3.47/0.0807 3.64/0.0905 3.49/0.0888
TVALS3 8.81/0.2148 8.06/0.1845 8.44/0.1941 8.55/0.1936 8.61/0.2012 7.78/0.1737
TVNLS 10.23/0. 341 2 10.25/0.3357 10.21/0. 3328 10.17/0.331 9 10.21/0.338 2 10.01/0. 314 1
PnP-ADMM 8.53/0.2280 8.36/0.2270 7.77/0.2020 7.45/0.1816 6.88/0.1672 6.93/0.1589
Tikhonov 9.38/0.4924 7.98/0.3621 8.45/0.3173 7.93/0.2729 8.47/0.2561 8.19/0.2214

Tikhonov+DRUNet  20.12/0.921 7 15.31/0.780 7 13.27/0.648 3 12.39/0.572 3 11.75/0.5103 11.10/0.408 6
Tikhonov-+Noise2VST 20.62/0.9252 15.74/0.794 1 13.44/0.659 5 12.51/0.576 6 11.69/0.499 1 10.98/0. 398 5

TP-N2VST

21.02/0.9309 15.71/0.794 1 13.43/0.660 6 12.53/0.5839 11.81/0.5207 11.12/0.414 3

PR Al 5 3 A A [ SR AR 3R /9 LPIPS X [ 45
A W, TP-N2VST % it /5 R B R T g E T
Tikhonov+DRUNet, $GiiE T HAE 0 6 £h 5% LR 4F
G5 4 7 T 1 SRR A

o HE— 25 I T 7 IR M R T SRR
{10 T R 0 e R T - R A
T A EL S H o TR M 7R SR AR 5 R G A
J5 2, HoOr 2545 W i Y (E AL B 0. 05, 8] 1 &
B % bR 22k 0. 05 (i &5 f e s o %t
] — 000 32 P45 R R A 181 B, i A 6F b 125 38 5k
S A HH T] A [0 7 ol T ) ek 5040 a0 A T

R4 WA ELPIPSXtE
Tab.4 LPIPS comparison between the two methods

Sampling rate TP-N2VST  Tikhonov+DRUNet
1/18° 0.059 7 0.0717
1/24° 0.2334 0.243 4
1/30° 0.375 3 0.3970
1/36 0.4323 0.4754
1/42° 0.5215 0.5388
1/48* 0.608 7 0.6450

FOMEK 673545 T “house” Al 4L AR
PRAET 2 E T B 58 B L2

K5 “house’ EHREGTHEELE R

Tab.5 Reconstruction results of “house” under noisy conditions

Sampling rate 1/18 1/24 1/30 1/36* 1/42* 1/48
OMP 9.56/0.276 3 9.55/0.2525 9.63/0.2183 9.42/0.2259 9.47/0.2130 9.43/0.2154
TVALS3 16.72/0.422°9 15.26/0.4114 15.35/0.417 2 16.66/0.399 9 15.56/0.404 7 15.68/0. 396 1
TVNLS 13.74/0.4510 13.61/0.4505 13.91/0.4556 14.09/0.440 0 14.05/0.452 2 14.37/0.441 2
PnP-ADMM 17.45/0.398 0 15.74/0.420 8 15.50/0.444 1 15.35/0.414 3 15.44/0.426 2 15.57/0. 408 9
Tikhonov 20.31/0.322 5 19.93/0.329 0 20.05/0.333 0 20.07/0.317 8 19.96/0.3324 19.55/0.317 0

Tikhonov+DRUNet  23.40/0.710 3 22.13/0.683 6 21.75/0.649 8 21.48/0.6151 20.98/0.598 8 20.55/0.583 6
Tikhonov+Noise2VST 23.61/0.7199 22.29/0.6899 21.83/0.636 1 21.48/0.584 9 20.96/0. 566 3 20.42/0. 539 0
TP-N2VST 23.70/0.7219 22.82/0.687 6 21.90/0.6517 21.64/0.6153 21.18/0.599 7 20.79/0.587 2
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Tab. 6 Reconstruction results of “usaf” under noisy conditions

Sampling rate 1/18 1/24 1/30* 1/36* 1/42? 1/48
OMP 7.81/0.1084 7.71/0.0996 7.82/0.1147 7.87/0.1015 7.86/0.0887 7.84/0.0882
TVAL3 11.11/0.3370 11.41/0.280 1 10.95/0.3334 11.21/0.328 0 11.44/0.3204 11.18/0.3205
TVNLS 10.39/0.298 9 10. 35/0.302 9 10.50/0. 296 3 10.53/0.295 8 10.73/0.301 0 10.59/0.297 3
PnP-ADMM 9.69/0.2377 9.71/0.2466 9.56/0.2323 9.38/0.2224 9.28/0.2235 9.13/0.2186
Tikhonov 9.97/0.3722 9.66/0.3032 9.21/0.2743 9.16/0.2444 8.41/0.2241 8.77/0.2030
Tikhonov+DRUNet  10.08/0.5617 9.66/0.4657 9.25/0.4303 9.18/0.3889 8.43/0.3625 8.78/0.3247

Tikhonov+Noise2VST 10.13/0.567 3 9.74/0.4736 9.30/0.4236 9.23/0.3826 8.48/0.3436 8.84/0.3129

TP-N2VST

12.24/0.5940 11.11/0.4844 11.15/0.453 8 10.76/0.4056 10.69/0.3919 10.40/0.347 6
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Fig. 8 Quantitative analysis of the adaptive modeling capability of Noise2VST
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Fig. 10 Comparison of reconstruction results and runtime for different algorithms on "usaf256"
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Tab.7 Comparison of parameters and training characteristics of different reconstruction methods

Representative ) Trainable o o
Category Reconstruction strategy Training mode Training time
work parameters
End-to-end U- s, Direct measurement-to-im- ~5. 810" (es- i
Wang et al. * . . Supervised —
Net age mapping timated )
End-to-end . GAN generator direct re-  10’~10° order ~ Supervised/ad-
MsGAN" ) . . —
GAN construction (estimated) versarial
Deep unrolling ~ ADMMNet-  ADMM unrolling+learn-  ~1X10° (esti- .
. Supervised ~8h
network GI# able sparse transform mated )
Transformer e Kronecker SPI+HAT de- 107 order (esti- . Several to tens of
. HATNet™® o Supervised )
deep unrolling noising mated) hours, A100 required
Large model o) Physics-embedded Trans- ) Self-supervised = Several hours to days,
GILM'™ 1.4X10° o '
method former/ResNet pretraining A100 required
TP-N2VST This work Tikhonov+learnable VST 130 Self-supervised ~ ~7.46 s per image
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Tab.8 Average PSNR/SSIM under different illumina-

&9 HHWEE TR F 15 PSNR/SSIM
Tab.9 Average PSNR/SSIM under different intensities

Tikhonov—+
DRUNet

Intensity Tikhonov TP-N2VST

0.3 14.28/0.119 16.25/0.211 18.73/0.495
0.5 13.49/0.113 14.75/0.200 16.49/0. 466
0.7 12.74/0.107 13.48/0.194 14.88/0.429

tion modes
Tikhonov—+
Mode Tikhonov TP-N2VST
DRUNet
Gaussian  13.63/0.098 16.24/0.195 19.16/0.496
Mixed 15.69/0.161 15.33/0.211 16.85/0.445
Radial 13.01/0.097 15.02/0.203 16.89/0. 467
Linear  11.67/0.097 12.72/0.199 13.89/0.446
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