
 Signals of interest can be written as 

where: 
•                 , the space of all   -sparse images with      

 nonzeroes separated by at least     locations 
•                 , the space of all minimum phase 

 filters defined over a domain  
•    Proposed model:  Infinite union of subspaces 

Improved CS Recovery Structured Sparsity Compressive Sensing (CS) 
•  Sparsity assumption does not capture dependencies among coefficients 

•  New model for signals well-approximated by a sparse sum of pulses  

•  Provably reduces number of measurements needed to sample signals 

• Requires far fewer measurements than state-of-the-art CS methods 

• Recovery robust under noise, model mismatch  

• Testing performed on synthetic and real data 

Sparse Sums of Pulses Iterative support estimation + deconvolution 

Sampling Theorem 

•  Overall number of nonzeroes: 
•  Hence, number of measurements is sublinear in 

the sparsity 
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•  Recovery algorithms rely on sparsity 
–      minimization (slow, strong guarantees for recovery) 
–  orthogonal matching pursuit (fast, weak guarantees) 
–  CoSaMP / IHT (fast, strong guarantees) 

Sparsity and Compression 

Compressive Sensing (CS) 

   pixel image           large wavelet coefficients 

•  Acquire compressive measurements 

measurements 

signal 

 nonzeroes 

Traditional signal acquisition: 
•  Sample data at Nyquist rate (2x bandwidth) ! 
•  Compress data (signal dependent, nonlinear) ! 

Signal Recovery 

•  Natural/manmade signals often have sparse/compressible structure 

•  Traditional signal acquisition: sample first, then compress 

•  Compressive sensing: sample and compress simultaneously 

Input:  measurements           , matrix        
Output: Estimates     ,   
Initialize: 
Repeat until convergence: 
•  Solve for     via model-based CoSaMP:  
•  Solve for     via pseudoinverse:  
•  Update estimate of signal:  
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 Rice Compressive Imaging Camera 

Test image CoSaMP New algorithm 

Test image CoSaMP 
(MSE = 16.95) 

New algorithm 
(MSE = 0.07) 

Synthetic test image 

Real-world test image 

Proposed Signal Model 

Sparsity is often an oversimplification  
•  1D example: pulse stream 

•  Signal consists of  
   pulses of width           with 
   identical shapes but varying 
   amplitudes and locations 
•  Can we exploit this special 
    structure in CS recovery? 


