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Abstract: Video snapshot compressive imaging (SCI) is a novel imaging technique. It captures three-

W im B :2024-12-27;; 81T B #§ : 2025-01-27.
B &R : FE K ErF Al (No.2022YFB3705702)

Supported by National Key Research and Development Program of China (No0.2022YFB3705702)
I fE B R A, E-mail : xwciomp@126.com


https://dx.doi.org/10.37188/CJLCD.2024-0356
mailto:E-mail:xwciomp@126.com

882 W5 Bos 55 40 %

dimensional video data using a two-dimensional detector within a single exposure time and then
reconstructs the original video data with appropriate algorithms. Although many current algorithms have
outstanding performance in the reconstruction tasks of video SCI, the improvement of their reconstruction
quality often comes at the cost of sacrificing the reconstruction speed, which significantly reduces the real-
time performance of the algorithms. To balance reconstruction quality and speed, this paper proposes an
end-to-end deep video SCI reconstruction method based on Mamba-2, namely M2BA-SCI. The M2BA-SCI
network consists of a preprocessing module, a token generation block, Mamba attention blocks, and a
video reconstruction block. Among them, the Mamba attention blocks are mainly composed of Mamba-2
linear attention blocks and feed-forward neural networks. A large number of experiments on simulated and
real video datasets show that M2BA-SCI achieves a more balanced effect compared with previous
algorithms. It maintains a relatively fast reconstruction speed while improving the reconstruction quality.
In the benchmark grayscale video dataset, the average PSNR is 34.85, the average SSIM is 0. 966,
and the running time is 0. 23 s. In the benchmark color video dataset, the average PSNR is 36. 21, the
average SSIM is 0.963, and the running time is 1.03 s. M2BA-SCI brings new ideas to video SCI

reconstruction and provides a reference for designing algorithms with higher reconstruction quality based

on the Mamba model.
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Tab.1 PSNR, SSIM values and running time of different reconstruction algorithms on the grayscale simulated video test

dataset
) Grayscale simulated video test dataset o
Dataset Evaluation - - Running time/s
Aerial Crash Drop Kobe  Runner Traffic Average

PSNR 27.87 26.33 41.92  32.33 36.14  26.17  31.79

PnP-FastDVDnet 6.20
SSIM 0.895 0.915 0.989 0.943 0.962  0.917  0.937
PSNR 24.29 24. 66 39.69 30.32 32.44  23.87 29.21

PnP-FFDNet 0.70
SSIM 0.820 0.837 0.987 0.923 0.934  0.829  0.888
PSNR 25.02 24.63 34.49  26.64 30.13  20.65  26.93

GAP-TV 0.74
SSIM 0.826 0.826 0.967 0.840 0.914  0.697  0.845
PSNR 29.40 28.52 42.54 32.58 39.12  29.03  33.53

GAP-CCoT 0.04
SSIM 0.923 0.941 0.992  0.949 0.980  0.938  0.954
PSNR 28.99 27.84 42.28 32.71 38.70  29.33  33.31

BIRNAT 0.11
SSIM 0.918 0.927 0.992  0.951  0.977  0.943  0.951
PSNR 29.35 28.13 42.92  33.72  39.40  30.02  33.92

RevSCI 0.17
SSIM 0.925 0.936 0.992  0.957 0.978  0.950  0.956
PSNR 27.94 26.97 38.13  29.14  34.93 24.94  30.34

U-net 0.02
SSIM 0. 886 0. 894 0.961 0.893  0.957  0.849  0.907
PSNR 30.32 29.27 43.56  33.45 39.51  29.20  34.22

Efficientsci 0.95
SSIM 0.937 0.954 0.993 0.960 0.981 0.942  0.961
PSNR 30.74 30. 28 43.31  33.90 40.50 30.37 34.85

M2BA-SCI(Ours) 0.23
SSIM 0.943 0.962 0.992 0.961 0.984 0.953  0.966
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Fig.7 Comparison chart of reconstructed video frames on

the grayscale simulated video test dataset
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Fig. 8 Comparison chart of reconstructed video frames on

the color simulated video test dataset
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Tab.2 PSNR, SSIM values and running time of different reconstruction algorithms on the color simulated video test dataset

Color simulated video test datase

Dataset Evaluation

Running time/s

Beauty Bosphorus Jockey Runner ShakeNDry Traffic Average

PSNR  34.58 34.03

35.21 30. 40 24.47  32.08

PnP-FastDVDnet-gray 26.01
SSIM 0.968 0.953 0.930 0.887 0.832 0.917
PSNR 36. 26 37.10 39. 85 33.89 28.40 35.31
PnP-FastDVDnet-color 102. 22
SSIM 0.976 0.975 0.974 0.947 0.924 0.959
PSNR 33.15 28. 30 30.63 27.72 20.73  28.81
PnP-FFDNet-gray 3.98
SSIM 0.962 0. 897 0.920 0.883 0.844 0.695 0.867
PSNR 34. 60 33. 34 35.49 32.65 24.78 32.68
PnP-FFDNet-color 54. 89
SSIM 0.970 0.956 0.941 0.939 0.841 0.932
PSNR 33.46 29. 60 29. 69 29. 83 19.40 28.58
GAP-TV 3.11
SSIM 0.966 0.906 0.890 0.874 0.885 0.611 0.855
PSNR 36.83 38. 36 37.09 40.56 34. 67 29.00 36.09
STFormer 2.96
SSIM 0. 980 0.988 0.963 0.980 0.952 0.923 0.963
PSNR 37.06 39. 34 36.80 40.95 34. 44 28.69  36.21
M2BA-SCI(ours) 1.03
SSIM 0.979 0.985 0.961 0.980 0.949 0.922 0.963
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Fig.9 Comparison chart of reconstructed video frames of

real video data Duomino
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Tab.3 Ablation experiments of M2BA-SCI on six benchmark grayscale video datasets

% MLAB  Mamba-2  M2FFN  EinFFT  Params/M  FLOPs/G~ PSNR  SSIM  Running time/s
1 N 5.16 807. 39 34.32 0.962 0.47
2 N 5.17 808.12 34.40 0.963 0. 20
3 N N/ 5.17 808. 70 34.05 0. 961 0.38
4 N/ N 882. 89 34.85 0.966 0.23

(DMLA A X T 4l Mamba-2 #3515 25
Tl ALk 112 1 UL 290 A ig & T Mamba-2
AR TR0 5 2% 3 ) SR ety b, R R R A
Pt F 4l Mamba-2, F¢ 5l J& B R T T 57 % .

(2)TE MLA B Z JF W EnFE T J5 i Al
R RECA I, Al T EnFFT 5 A T4
LA e A5 A R R R BRI . SR, T
B 478 T VA 4 R o i Y £, PSNR A SSIM
AR T 0.35F10. 002,

(3)TEMLAB I Z 55 A PVT2FFN, iX i
J& M2BA-SCIEL R+ 1, #HA T 251 A MLA
BLP B85 R A i & L fH PSNR A SSIM 43
B T 0.45F10. 003, 5 g i [ {18 T 0. 03 s.

J T B GIE M2BA-SCT W 4% (1) 5 JB 1R JiE X
A (R AR SO T 3 A S, v

BT T VR 4% 1 TE B MAB Y 50 T LR
WL VR B o SEIR A AN AR 4 TR B A A
(4 i B RN IR B A R o A A 0 R o R 3 3R
B AT E A o

24k H/  ,MLAB+PVT2FFN 2 & 1 i 41

x4 EATEBEEMREYE M2BA-SCIE 6 NIk EE #
HiEE EMERZREMIEITHE

Tab.4 Reconstruction quality and running time on 6

grayscale benchmark datasets using M2BA-SCI

with different number of channels and blocks

S8 Channel  Block  PSNR  SSIM  Time/s
1 64 2 32.55 0.943 0.12
2 128 2 34.85 0. 966 0.23
3 128 4 34.97 0.968 0.64
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