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High-dimensional Image Data Everywhere

Surveillance

Hyperspectral

MRI

How to efficiently extract compact information from such complex data?



High-dimensional Sparse Modeling

nApplying the high-dimensional  sparse model 

nMain issues
Ø Sampling mechanism
Ø Structure measure
Ø Recovery algorithm
Ø Performance assessment
Ø Applications

Cao, et al., TIP’16; Wang, et al., NSR’ 18; Wang, et al., TGRS’20; Peng, et al., TIP’20; Hou, et al., 
TPAMI’21 



What is Remote Sensing?

The term "remote sensing" generally refers to the use of satellite- or aircraft-
based sensor technologies to detect and classify objects on Earth, including on 
the surface and in the atmosphere and oceans, based on propagated signals.

https://en.wikipedia.org/wiki/Atmosphere
https://en.wikipedia.org/wiki/Oceans
https://en.wikipedia.org/wiki/Wave_propagation


Compressive-spectral Imaging

Reconstruction via sparse modeling

Transmit measurements

Receiving

Encoding by compressive sensing

Satellites, aerospace

Ground station

Spectral image: a three-dimensional (x,y,λ) data cube, 
where x and y represent two spatial dimensions of the 
scene, and λ represent the spectral of dimension. 



Snapshot Compressive Imaging

The encoding process of SCI

Yuan, Brady and Katsaggelos, IEEE SPM’21



Snapshot Compressive Imaging

The decoding process of SCI

Yuan, Brady and Katsaggelos, IEEE SPM’21



Single-Pixel Imaging vs SCI

The sensing ratio of SCI is 1/Nt (in single-pixel imaging, it is M/N) 



CASSI System

The sensing process of CASSI (coded aperture compressive spectral imager)

Brady, et al., OE’09; Lin, et al., ACM TOG’14; Yuan, et al., IEEE JSTSP’15



Plug-and-Play Algorithms
Ø The mathematical model:

Ø PnP-ADMM: (Ryu, et al., ICML’18; Chan, et al., IEEE TCI’17)

Ø PnP-GAP: (Yuan, et al., CVPR’20, TPAMI’21)

Key idea: replaces the proximal operator with a denoiser



TV+Pretrained FFDNet
n The variation along the spectral direction is very small 
n It is typically piecewise smooth along the spatial domain

Total Variation Prior 



TV+Pretrained FFDNet

Deep Denoising Prior 

n Deep denoiser is efficient while some model-based 
methods such BM3D and WNNM are time-consuming

n Spatially variant noise can be flexibly handled
n Learn to characterize complex image structures from 

other data



TV+Pretrained FFDNet



The Proposed Procedure
Ø Treat the denoising step as MAP estimation:

Ø Eliminate the hyperparameters as

Ø Minimizing the distance:

Use Gaussian distribution to model the posterior and discrete technique



The Proposed Procedure

More details can be found in our CVPR21’s paper



Fixed-point Convergence

We can also prove the convergence of PnP-ADMM



Experiments

n Bird data consists of 24 spectral bands, and the size 
of each spectral band is 1021 � 703.

n Toy data consists of 31 bands, and the size of each 
band is 512 � 512.

n CAVE data includes 32 spectral images, and each 
image contains 31 spectral bands. The image size of 
each band is 512 � 512.

n Our code is available at https://github.com/ucker/SCI-
TVFFDNet.



Comparison with Non-DL Methods



Comparison with Non-DL Methods



Comparison with DL Methods



DnCNNFFDNet OursTruth

Extension to Video CS

sensing ratio: 1/8



Summary

Ø Snapshot compressive imaging is an effective way
to capture HD image data

Ø Our PnP algorithms are very flexible
Ø Several interesting problems need to be further
investigated: recovery theory, convergence rate, …
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TV Regularized Nonlocal Low-rank 
Tensor Train



TV Regularized Nonlocal Low-rank 
Tensor Train

Face image: 512*512*31



Thank you!


