
•Since     minimization is relatively slow, we wish to see if we can accurately track 
using the quickly computed least     norm approximation of the signal:

•                                   , so                                      . This results in a noisy 
approximation of the original signal, especially when compared to the 
reconstruction

•For each patch of the image (located at        ), a correlation residual is calculated 
by determining the distance from the point to the projection of    onto the subspace 
spanned by    :

•The location           determined by the correlation tracker is determined to be the             
corresponding to the minimum value of

•A particle filter is then applied, using           to update the weights, to make the 
tracking results more consistent and robust to obstacles such as partial occlusion

•Dr. Shah, Dr. Lobo, Dr. Li, and Dr. Muise for their guidance and time

•College of Charleston for hosting

•National Science Foundation for their generous funding of our research 
(Grant Number: DMS 0803059)

[1] David Donoho. For most large underdetermined systems of linear equations, the 
minimal ell-1 norm solution is also the sparsest solution. Communications on Pure 
and Applied Mathematics. 59(6) pp. 797-829. June 2006

[2] Emmanuel Candès and Terence Tao. Decoding by linear programming. IEEE 
Trans. on Information Theory. 51(12) pp. 4203-15. December 2005

[3] E. Wang, J. Silva, and L. Carin. Compressive particle Þltering for target tracking. 
SSP '09. IEEE/SP 15th Workshop on Statistical Signal Processing. 2009. pp. 233-6

[4] Volkan Cevher, Aswin C. Sankaranarayanan, Marco F. Duarte, Dikpal Reddy, 
Richard G. Baraniuk, and Rama Chellappa. Compressive Sensing for Background 
Subtraction. ECCV (2). 2008. pp. 155-68

Sensing Matrix
•Normally, sensing matrix pulled from Gaussian 
distribution has lowest bound on error

•Due to rounding error, this results in a more noisy 
correlation residual surface than the one produced 
by     drawn from a Bernoulli distribution

•The correlation residual surface from the 
Bernoulli sensing matrix has a clearly defined and 
easily tracked minimum
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•Given limited resources, we wish to track a objects of interest in a video sequence

•To circumvent bandwidth limitations, we can reduce the dimension of a sparse 
signal using compressive sensing

•Let                   be a signal from a compressive sensing camera, each               , 
where     is an            matrix taken from an i.i.d. Bernoulli distribution, and each    is 
an           vector representing a frame of the vectorized original image

•    can be accurately recovered via 

•One of the main criticisms of compressive sensing is that the    minimization 
required for CS inversion is too slow for many practical applications

¥We explore methods of object tracking in a video signal from a compressive 
sensing camera without performing a CS inversion (i.e., without fully recovering the 
original signal). 

¥In particular, we focus on correlation tracking and demonstrate that tracking from 
the least energy solution introduces negligible error.
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Object Tracking
¥Correlation tracking uses image templates to identify objects of interest

¥Each template    is vectorized and gathered into          matrix   , where    is the 
length of     and    is the number of templates

¥Let    be the vectorized signal and      be an operation restricting    to a vectorized 
window of size

¥For each patch, a correlation residual                                                           can be 
obtained, which gives the error at each location after comparing         to the 
templates

¥The minimum correlation residual corresponds with the best matching window, 
which is chosen as the object of interestʼs location

Compressive Sensing
¥Trying to recover          signal     from           measurements                   subject 
to             , where     simulates the act of sensing

¥If    is full rank, then              is easily solved:

¥Compressive sensing problem is severely underdetermined, so infinitely many 
solutions exist

¥If    is sparse is some basis     such that            , equation is                   , and can 
constrain solution to unique answer and recover basis coefficients:
                     subject to

¥Donoho [1] shows that the     norm, which, unlike the     norm, is computationally 
tractable, can almost always be used in place of the     norm:
                     subject to 

¥For this to hold,    must exhibit the Restricted Isometry Property (RIP):

¥    exhibits RIP with high probability if its elements are drawn from an i.i.d. 
Gaussian distribution or an i.i.d. Bernoulli distribution
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Correlation with Correlation Residual from Original Signal
•Correlation residual surfaces from both the     and Bernoulli     
reconstructions closely match that of original signal

•Although     correlation is consistently lower than that of    , it is still 
certainly high enough to yield an adequate tracking result
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Distance from True Location (in pixels)
•Tested on video sequence in which each frame was 
64px x 64px

•At rates of extreme undersampling, the correlation residual 
surface from an     reconstruction yields more accurate results

•At most rates, the tracking results obtained from the     
reconstruction were comparable to that of the     reconstruction
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Speed/Memory Considerations
•The sensing matrix           is extremely large, which quickly causes a memory 
bottleneck

•This obstacle can be overcome by using hashing functions that simulate matrix 
multiplication with either     or      

•Despite this, when finding the least     norm matrix                    , an             matrix 
inversion must be calculated, which is computationally intensive

•This inversion               , which stays constant throughout the algorithm, can be 
precomputed and stored in memory

Tracking Performance
•Works very well for smaller images, but decreases in accuracy when image 
resolution is higher

•Very robust to partial occlusion, due to the particle filter

Future Work
•Explore adaptively updating template size

•Develop method of detecting when object has been “lost” by particle filter

•Test more data

•Extend to tracking multiple objects
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Error Analysis
•Correlation residual for patch of original image:

•Correlation residual for     reconstruction:

where 

Summary
•We have presented an algorithm that can accurately track an object from 
compressive measurements using an inaccurate     reconstruction of the original 
video signal

•This allows object tracking under severe bandwidth constraints
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