Properties of Gaussian Distribution (cont.)

1. If we know a random variable is
normally distributed,
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Chap 1 Background Subtraction and Modeling

Note Title 1/29/2008
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Lecture 2 (Continued)

. Mixture of Gaussian Approach (Grimison, Stauffer, CVPR98)
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Foreground Detection

All component of the MOG are sorted into the order of

decreasing U, b J——/—T
— Zat]= [ X0,
“ i—\,f;'t’/’ ” H[ 1 it

5 Mfﬂfwxw AWﬂt 7) Te(ov‘)

2,.9. T=0 6
ISP MEM%% /... B comprant Bﬂaﬁﬁrwu(
Oﬁ{vals,e, F%/vouvb@,

vaﬂgm‘% fm% one symw@(é Wik W

nwb(w}m Wwf«f



C
1)
2)
3)

o

tore
lb&xd

comments:

popular

Can be quickly adapted to different camera setup.

it is regardid as expensive.

don't take the spatial corelation of pixels into account.
(think about the this problem.May be your final Project!)
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D . Largest absolute differnce of adjacent frames in background
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Wallflower
Using LPC (Linear Prediction Coding) model/ Wiener filtering
to do background subtraction.
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The threshold is : = %m

.| The pixle is marked as background if :

[fe-Til<c ot =32t <2

If more than 70% pixels in the image is classifed as foreground,
restart the model.



. |[How to computer the parameters of the LPC model? i.e. : (/s b
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To minimize the estimation error:
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..Comments:
This is a complicated model to capture the background. The results
are fairly good (refer to the orginal paper).



Lecture 3 Background Modeling and Color Space

Chap 1. Background Modeling (Cont.)

6. | Eigenbackgrounds

N. M. Oliver, B. Rosario, and A. P. Pentland, ““A Bayesian
Computer Vision System for Modeling Human Interactions,”
IEEE Trans. on Patt. Anal. and Machine Intell., vol. 22, no. 8, pp.
831-843, 2000.

Background mean image, blob segmentation image, and input image with blob bounding boxes.

A. | Principal components analysis (PCA) :

1s a technique used to reduce multidimensional data sets to lower
dimensions for analysis. Depending on the field of application, it 1s
also named the discrete Karhunen-Loeve transform, the Hotelling
transform or proper orthogonal decomposition (POD).




PCA has the distinction of being the optimal linear transformation
for keeping the subspace that has largest variance. This advantage,
however, comes at the price of greater computational requirement
if compared, for example, to the discrete cosine transform.

Unlike other linear transforms, PCA does not have a fixed set of
basis vectors. Its basis vectors depend on the data set.
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Always use PCA (KL Transform) y
as the baseline for comparison 4

Graphical representation of a PCA transformation in
only two dimensions. The variance of the tow
diminsion data in the original cartesian space (x, y) 1s
best captured by the basis vectors v1, if the data are
reduced to 1 dimension
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B. The procedure of Eigenbackground:

Yo
1) The nframes are re-arranged as the columns of a matrix A
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3) The covariancematrix, is computed:
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From C, the diagonal matrix of its eigenvalues, L, and the

eigenvector matrix, @, are computed
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Only the first M eigenvectors (eigenbackgrounds) are retained
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Once a new image, I, is available, it is first projected in the M

genvectors sub-space and then reconstructed as I’
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7) The differencg I-I’is computed: since the sub-space Well

represents only/the static parts of the scene, the outcome of this
difference are/the foreground objects

C| Comments:
1) The authors state that it works well and 1s faster than a Mixture of

Gaussians approach <
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2) Hard to update the background.




3) The online update maybe achieve by incremental PCA.

0t

The eigendecomposition can be computed very fast by SVD
ingular Value Decomposition)
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