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Modulated HSI Disperser Measurement
Core Problem: How to recover 3D spectral cube from the 2D measurement?
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Deep Unfolding Methods
Prior Subproblem i® = prox, s (vk) Data-driven priors
Stage 1 Stage k Stage K

Data Subproblem vF = 251 — pF&T" (dFzk-1 — )
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40 Ours 9stage
Ours Tstage 9stage TwIST [3] GAP-TV [44] DeSCI[22] DGSMP [16] HDNet[15] MST-L[6] CST-L* [20]| Ours 3stage Ours Sstage Ours 7stage Ours 9stage
3 MT Scene| PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM|PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
- Setagg (NIPS 2022) 1 | 2516 0.700 26.82 0.754 27.13 0.748 3326 0.915 34.95 0.948 35.40 0.941 35.96 0.949|36.67 0.953 37.30 0.960 37.65 0.963 37.94 0.966
ST 2 |23.02 0604 22.89 0.610 23.04 0.620 32.09 0.898 32.52 0.953 35.87 0.944 36.84 0.955|38.48 0.965 39.39 0.971 40.45 0.976 40.95 0.977
& 36 s ECCV2022) 3 | 2140 0711 2631 0.802 26.62 0.818 33.06 0.925 34.52 0.957 36.51 0.953 38.16 0.962|40.63 0.971 42.06 0.975 43.00 0.978 43.25 0.979
2 osts 4 |30.19 0851 30.65 0.852 34.96 0.897 40.54 0.634 43.00 0.981 42.27 0.973 42.44 0.975|46.04 0.986 46.89 0.988 47.40 0.990 47.83 0.990
Z 5 |21.41 0635 23.64 0.703 23.94 0.706 28.86 0.882 32.49 0.957 32.77 0.947 33.25 0.955|34.63 0.963 35.74 0.969 36.78 0.974 37.11 0.976
A 34 ST s (CVPR2022) 6 |2095 0644 21.85 0.663 22.38 0.683 33.08 0.937 35.96 0.965 34.80 0.955 35.72 0.963|36.18 0.966 37.03 0.971 37.56 0.974 37.47 0.975
(CVPR2022) DGSMP 7 | 22.20 0.643 23.76 0.688 24.45 0.743 30.74 0.886 29.18 0.937 33.66 0.925 34.86 0.944(35.85 0.951 37.05 0.959 38.25 0.967 38.58 39.69
2 (CVPR2021) 8 | 21.82 0.650 21.98 0.655 22.03 0.673 31.55 0.923 34.00 0.961 32.67 0.948 34.34 0.961|34.37 0.963 35.18 0.968 35.86 0.971 35.50 0.970
9 | 2242 0.690 22.63 0.682 24.56 0.732 31.66 0.911 34.56 0.957 35.39 0.949 36.51 0.957(38.98 0.966 40.64 0.973 41.71 0.978 41.83 0.978
‘ . L 10 | 22.67 0.569 23.10 0.584 23.59 0.587 31.44 0.925 32.22 0.950 32.50 0.941 33.09 0.945[33.73 0.950 34.58 0.957 34.83 0.959 35.23 0.962
300 5 3 s s 6 Avg | 23.12 0.669 2436 0.669 2527 0.721 32.63 0.917 34.34 0.957 35.18 0.948 36.12 0.957|37.56 0.963 38.59 0.969 39.35 0.973 39.57 0.974

Numbers of parameters(Millions)
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Core Problem: How to recover 3D spectral cube from the 2D measurement?

Existing methods
- Model-based methods: handcrafted priors result in limited modeling capabilities.
- End-to-End Neural Networks: powerful modeling ability, but design a powerful architecture is non-trivial.

- Deep Unfolding methods: heuristically design a neural network using the model-based method .
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Where @ is the sensing matrix, typically treated as the sum of the shifted mask, implemented in a operator.

The reconstruction problem of the CASSI system is a ill-posed problem:

y=®&x+b

Deep unfolding methods typically solve the problem under a MAP framework:

X = argmax, log p(x | y) = argmax, p(y |[x) — argmaxy p(y)
Energy function:
1
X =argmin, 7 |ly - ®xll3 + A/ (x)

Deep unfolding methods decouple it into a data subproblem and a prior subproblem:

1
3 = argmin [lz— (871 — p@T (8251 — y))|3+\J ()

xT
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Data subproblem and Prior subproblem corresponding to the Gradient Descent and Proximal Mapping of PGD
Uk — .’%k_ o p(I)T((I)Ak: 1 y)
& = prox, ;(v*)

Data subproblem is highly related to the degradation process ® , the ways current methods acquiring the degradation
matrix can be classified into two types:

_ There exist a gap between sensing matrix ® and
® Treat sensing matrix ® as the degradation matrix @  m——p

degradation matrix @ due to device errors

® Using a network to estimate the degradation matrix @ mmmmp It is challenging to directly estimate degradation
matrix @

In the prior subproblem, it is important to design a suitable model to jointly exploit both spatial and spectral priors.
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Residual Degradation Learning Unfolding Framework (RDLUF)
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Prior subproblem(Proximal Mapping, PM): cv P R M2 l[:.
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Residual Degradation Learning Unfolding Framework (RDLUF)
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Prior subproblem(Proximal Mapping, PM):
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Training on simulation data: CAVE datasets, 28 wavelength, 450nm to 650nm
Real Experiments

Testing on simulation data: 10 scenes from KAIST datasets
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Training on simulation data: CAVE and KAIST datasets, 28 wavelength, 450nm to 650nm
KAIST

Testing on real data: Real measurements are captured by SD-CASSI system

Real Measurements
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Algorithms Scenel Scene2 Scene3 Scene4 Scene5 Scene6 Scene7 Scene8 Scene9 Scenel0 Avg
TWIST 25.16 23.02 21.40 30.19 21.41 20.95 2220 21.82 2242 22.67 23.12
w 0.700 0.604 0.711 0.851 0.635 0.644 0.643 0.650 0.690 0.569 0.669
GAP-TV 26.82 22.89 26.31 30.65 23.64 21.85 23.76 21.98 22.63 23.10 24.36
0.754 0.610 0.802 0.852 0.703 0.663 0.688 0.655 0.682 0.584 0.669

DeSCI 27.13 23.04 26.62 34.96 23.94 22.38 24.45 22.03 24.56 23.59 2527
0.748 0.620 0.818 0.897 0.706 0.683 0.743 0.673 0.732 0.587 0.721

HSSP 31.48 31.09 28.96 34.56 28.53 30.83 2871 30.09 30.43 28.78 3035
0.858 0.842 0.823 0.902 0.808 0.877 0.824 0.881 0.868 0.842 0.852

DNU 31.72 31.13 29.99 35.34 29.03 30.87 28.99 30.13 31.03 29.14 30.74
0.863 0.846 0.845 0.908 0.833 0.887 0.839 0.885 0.876 0.849 0.863

DGSMP 33.26 32.09 33.06 40.54 28.86 33.08 30.74 31.55 31.66 31.44 32.63
0915 0.898 0.925 0.964 0.882 0.937 0.886 0.923 0.911 0.925 0.917

HDNet 35.14 35.67 36.03 42.30 32.69 34.46 33.67 32.48 34.89 32.38 34.97
0.935 0.940 0.943 0.969 0.946 0.952 0.926 0.941 0.942 0.937 0.943

MST.L 35.40 35.87 36.51 427 32.77 34.80 33.66 32.67 3539 32.50 35.18

i 0.941 0.944 0.953 0.973 0.947 0.955 0.925 0.948 0.949 0.941 0.948
CSTL* 35.96 36.84 38.16 42.44 3325 35.72 34.86 34.34 36.51 33.09 36.12

§ 0.949 0.955 0.962 0.975 0.955 0.963 0.944 0.961 0.957 0.945 0.957
DAUHST.9st 37.25 39.02 41.05 46.15 35.80 37.08 37.57 35.10 40.02 34.59 38.36
g 0.958 0.967 0.971 0.983 0.969 0.970 0.963 0.966 0.970 0.956 0.967

Ours 3stage 36.67 38.48 40.63 46.04 34.63 36.18 35.85 34.37 38.98 33.73 37.56
g 0.953 0.965 0.971 0.986 0.963 0.966 0.951 0.963 0.966 0.950 0.963
S 37.30 39.39 42.06 46.89 35.74 37.03 37.05 35.18 40.64 34.58 38.59
g 0.960 0.971 0.975 0.988 0.969 0.971 0.959 0.968 0.973 0.957 0.969

Ours Tstage 37.65 40.45 43.00 47.40 36.78 37.56 38.25 35.86 4.7 34.83 39.35
urs /stag 0.963 0.976 0.978 0.990 0.974 0.974 0.967 0.971 0.978 0.959 0.973
Ours 9sta 37.94 40.95 43.25 47.83 37.11 37.47 38.58 35.50 41.83 35.23 39.57
urs 7stage 0.966 0.977 0.979 0.990 0.976 0.975 0.969 0.970 0.978 0.962 0.974

6.94dB

5.23dB

4.39dB

3.45dB

VANCOUVER. CANADA

1.21dB

Table 1. The PSNR (upper entry in each cell) in dB and SSIM (lower entry in each cell) results of the test methods on 10 scenes.
RDLUF- MixS? significantly surpasses other competitors.
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Figure 5. Comparisons of reconstructed HSIs use 4 out of 28 spectral channels in Scene 5. We evaluated 7 SOTA methods alongside the proposed approach
RDLUF-MixS? with 9stage. Our method’s results are most clear. The region within the green box was chosen for the analysis of the reconstructed spectra.
Zoom in for a more detailed examination.
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Figure 7. The results of the reconstruction, the visualizations of ®, the residual R(y, @), and the corrected ® are
presented. Please note that the visualizations are normalized and the residual response is actually small.
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Real Results
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Figure 6. Real HSI reconstruction comparison of Scene 3 and Scene 4. 4 out of 28 spectra are randomly selected
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