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Conclusion

Problem

*Given limited resources, we wish to track a objects of interest in a video sequence *Since ¢; minimization is relatively slow, we wish to see if we can accurately track Speed/Memory Considerations
using the quickly computed least ¢> norm approximation of the signal: The sensing matrix ! ,, ,, is extremely large, which quickly causes a memory
«To circumvent bandwidth limitations, we can reduce the dimension of a sparse x=11m H-ly ) bottleneck

signal using compressive sensing

*@T(®DT) '@~ lpny,s0! T(I1 T)TH x = & ~ x. This results in a noisy *This obstacle can be overcome by using hashing functions that simulate matrix

*Let {y1,72,...} be a signal from a compressive sensing camera, each y; = ®x; , approximation of the original signal, especially when compared to the ¢/ ——> P e S — 2l PO A E ey multiplication with either ! or ®*
where ® is anm x n matrix taken from an i.i.d. Bernoulli distribution, and each x;is reconstruction
an n x 1 vector representing a frame of the vectorized original image | o | o Original Image |, Reconstruction ¢1 Reconstruction *Despite this, when finding the least!, norm matrix ®T (®®7)~!, an m x m matrix
For each patch of the image (located at |7, j]), a correlation residual is calculated inversion must be calculated, which is computationally intensive
*X;can be accurately recovered via z; = ||z||; subject to ®z; = y; by determining the distance from the point to the projection of X onto the subspace
- | - - spanned by T | | *This inversion (#®7)' 1, which stays constant throughout the algorithm, can be
*One of the main criticisms of compressive sensing is that the I minimization 1 510 =1 T(TTT)_lTTWiJf “ Wit === - . precomputed and stored in memory

required for CS inversion is too slow for many practical applications

*The location ['i, I ;] determined by the correlation tracker is determined to be the]i, ] ] Tracking Performance

. .. . . . . . .
¥We faxplore methqu of object trackmg in a V|de_o sn_gnal fr.om a compressive corresponding to the minimum value of! % ' 2 -Works very well for smaller images, but decreases in accuracy when image
sensing camera without performing a CS inversion (i.e., without fully recovering the —> resolution is higher

original signal). *A particle filter is then applied, using [f:, I ;] to update the weights, to make the

tracking results more consistent and robust to obstacles such as partial occlusion -Very robust to partial occlusion, due to the particle filter

¥n particular, we focus on correlation tracking and demonstrate that tracking from
the least energy solution introduces negligible error.

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

Sensing Matrix Error Analysis

AN?E‘T_W’ shensilng m?tl;ix plgled from Gaussian «Correlation residual for patch of original image:
istribution has lowest bound on error _
Mz = 1T(THT) T Wi jo — W, 5|2

Background

*Due to rounding error, this results in a more noisy «Correlation residual for £2 reconstruction:

correlation residual surface than the one produced | 21 : Toy—1T T Tyl e, n T T\_1
kL a el =1IT(T'T) " T'"W;; &' (PP Ox " Wi &' (0P Ox|

by ! drawn from a Bernoulli distribution €2 ( ) i @ ) i @ ) 2

=1 +[T(T"T) 7" " IIWEz!,

Object Tracking
YCorrelation tracking uses image templates to identify objects of interest *The correlation residual surface from the where E = o7 (007)! 1& — | ~ 0
Bernoulli sensing matrix has a clearly defined and
¥Each template tj is vectorized and gathered into p x g matrix T, where p is the easily tracked minimum Summary
length of i and ¢ s the number of templates Correlation residual surface Correlation residual surface Correlation residual surface *We havelpresented an algorithm that_can accurately track an c_)bject from o
M et = be the vectorized signal and I/, be an operation restricting « to a vectorized for original signal for I, recqnstructic_)n of sig_nal for I recon_struct?on of signal C%mpre_sswle measurements using an inaccurate ¢5 reconstruction of the original
window of size p (Gaussian sensing matrix) (Bernoulli sensing matrix) VIGeo signa
o el ey, & el e [l = [T (TTT)_lTTij _ Wix|» canibe This allows object tracking under severe bandwidth constraints
obtained, which gives the error at each location after comparing W = to the Correlation Residual Correlation Tracking Error Distance
templates r or
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¥or this to hold, ® must exhibit the Restricted Isometry Property (RIP): «Correlation residual surfaces from both the !1 and Bernoulli 2 *Tested on video sequence in which each frame was
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