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Snapshot Compressive Imaging(SCI)

ting Research Center, HITSZ
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Coded Aperture Snapshot Spectral Imaging (CASSI)
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Figure 3. Schematic (top row) and sampling principle (bottom row) of the
coded aperture snapshot spectral imaging (CASSI) system

Aoy S A7 *;? J: %aa )



Current Frameworks of the Reconstruction Algorithm for SCI
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Figure 4. Different frameworks of the reconstruction algorithm for SCI: (a) Conventional optimization based iterative
algorithm. (b) End-to-end deep learning based on convolutional neural networks, (c) deep unrolling/unfolding
algorithms, where K small CNNs are used and (d) Plug-and-Play algorithms using pre-trained denoising network as priors.
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Figure 5. Architecture of the proposed DiffSCI network
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Proposed Network

Diffusion process

)

’ X independently selecting non-overlapping bands method
—; —'—’m Cx = [Bi-1, Bi, Bis1], Ckv1= [Bit2, Bits, Bisal

’ Cx = [Bi—1,Bi, Biz1], Cky1 = [Bisz Biys Bisa
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Figure 7. Visual effects and PSNR/SSIM presentation of (a) independently c! =B
selecting non-overlapping bands method, (b) spectral correlation ! !
modeling, and (c) wavelength matching method
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Proposed Network
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Algorithm 1 DiffSCI sampling

Reql]il'e: SQ, T,Ba ya @5 Jna {at}g‘:l? C’ A

1: Initialize x7 ~ AN(0,I), y; = 0, pre-calculate p; £
o2 /52

2: fort =T to 1do

3 forb=1to Bdo

4: xg’J =WM(B,,) / wavelength mathcing method

5: %) = S=(x¢" + (1 — au)se(x;’,t)) Mpredict

clean image from xim with score based model

end for
Get X; // combination
y1 = y1 + (y — ®xy) / calculate and accumulate
residuals

9. %y =% +sc-®(y,—®%,)0[Diag(®@®7)+p,]
/ acceleration for data subproblem

10 €= —A—(x;— Vaiky))

1: ¢ ~N(0,I)

120 X1 = /G1Xy + I — a1 (VI = Cé+Cer)
// diffusion to x; 1 to finish one step sampling

13: end for

14: return xg

Figure 8. DiffSCl sampling
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Figure 9. Effect of sampling steps and acceleration algorithm on PSNR and time.

Xi+1 = Zi + PT [y — Dz, ] @ [Diag(@P™) + ]
Kk
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Results on Simulation Datasets

Table 1. Comparisons between DiffSCl and SOTA methods on 10 simulation scenes (S1~S10). Category, PSNR (upper entry in each cell), and
SSIM (lower entry in each cell) are reported. The best and second best results are highlighted in bold and underlined, respectively.
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Results on Simulation Datasets
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Figure 10. Visual comparison and Spectral Density Curves on simulation dataset.
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Results on Real Datasets
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Figure 11. Visual comparison on real dataset.
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