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Problem statement and Motivation

To build model for background to facilitate high level tasks

Intelligent interface Traffic monitoring

Surveillance systems
Automated Event detection



Motivation

Other high Level tasks: Interactions, 3D structure
estimation

What to model

— Features (pixels, edges, regions)

— Tolerance to (intrinsic) changes in the background
(adaptation or updating)

— Local/Global changes



Challenges

lllumination changes (e.g. clouds moving in the sky

Motion changes (e.g. swaying of trees)

)



Challenges (continued)

Secondary illumination effects (e.g. shadows cast b y
foreground objects)

Courtesy of University of Karlsruhe for providing the traffic video sequences.



Early Approaches to the problem
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Problems with the approaches discussed

A single background is in effect for any incoming
frame

Pixel intensities exhibit random variations.



Approaches to Background Subtraction

Statistical Approaches

— Mixture of Gaussians (Stauffer Grimson CVPR 1999) , K  ernel
Density approximation (Elgammal Davis CVPR 2001)



Mixture of Gaussians Model
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EM Algorithm to compute the parameters of the MOG



Kernel method

Given a sample Q= {x}.,
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Properties oflKerneI function
K(t) >0, K(t)=1

— Asymptotically converges to the true density

Multidimensional observations
A 1 N ’d’

PO0=; 3 O K (x- X))



Computation of §
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Post Processing of Background
Subtraction Results

Erosion and dilation




Removal of shadows (using chromaticity coordinates)
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Adaptation

MOG model

— Declare match to be one that is within 2.5 times of the
standard deviation

— In case none of the Gaussians explain the observati  on
replace the one with the lowest weight as
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Kernel methods
— Similar to MOG
— EXxcessive computational burden



Ongoing Research: Multiresolution
Analysis

Multi-Resolution Background Modeling of Dynamic Scenes
using Weighted Match Filters, Q. Xiong and C. Jaynes
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Filter Construction and Responses
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Smallest Block Classification
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Output of 4 filters at different resolutions is used to
classified the smallest block.



Correlation at multiple levels
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Experimental results







