
1

Class 2: Moving Object Detection 
Feb. 4, 2008

Video Surveillance E6998-007 Senior/Feris/Tian

Instructor: YingLi Tian

Some contents from Massimo Piccardi, UTS and Christopher Rasmussen, UDEL
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Outlines 

� Moving Object Detection Problem
� Static Camera 

� Moving Camera (next class)
� The Basic Methods

� The Advanced Methods (next class)
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Moving Object Detection 
Problem (Static Camera)

� Main goal: detecting moving objects from a video 
sequence of a fixed camera 

� Background – static scene
� Foreground – moving objects
� Approach: detect the moving objects as the 

difference between the current frame and the 
image of the scene background.
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Challenges
� How to automatically obtain the background 

image? 
� Foreground processing
� The background image must adapt to: 

� Illumination changes (gradual and sudden)
� Distracting motions (camera shake, swaying tree, 

moving elevators, ocean waves…)
� Scene changes (parked car)

� Others:
� Shadows
� Black/blue screen
� Bad weathers
� Foreground fragment
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Background Subtraction Methods 
(BGS)
� Basic BGS
� Running Gaussian average
� Mixture of Gaussians
� Enhanced mixture of Gaussians
� Kernel Density Estimators
� Mean-shift based estimation
� Combined estimation and propagation
� Eigenbackgrounds
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Basic BGS – basic idea (1)
� Pixels belongs to foreground if | Current 

Frame – BG Image| > Threshold
� BG image can be just the previous frame or 

the average image of a number of frames
� Works only in particular conditions of 

objects’  speed and frame rate
� Very sensitive to the threshold
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Basic BGS – example (2)

Current 
Frame

Difference 

High 
threshold

Low
threshold



8

Basic BGS -- average (3)
� Median/average: use the average or the 

median of the previous n frames
� Quick but memory consuming

� Running average
� Alpha is adapt rate (0.05). 
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Basic BGS – rationale (4)
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Basic BGS – histograms (5)
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Basic BGS – selectivity (6)
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Basic BGS -- results
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Basic BGS -- limitations
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Running Gaussian average
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Mixture of Gaussians (1)
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Mixture of Gaussians (2)
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Mixture of Gaussians (3)
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Enhanced mixture of Gaussians

texture 
differences

Image Mixture BG 
Models

Background 
Updating

FG Mask

Morphology 

component 
pruning

Mask Clean Up

pixel changes < T
Yes

No

Static Region
Detection

Yes

No

Tian et. al CVPR2005



19

Foreground Analysis
For each pixel at time t, the probability of the pixel:
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The first B distributions are chosen as the background model:

where
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The B+1 distribution is used for static region detection :
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Texture Integration for Quick 
Lighting Changes

Measure texture similarity at pixel X between the current frame and 
the background image as:
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In the false positive foreground areas caused by quick lighting changes, 
there are no texture changes between the current frame and the 
background.
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Handle quick lighting changes

( a)  BGS by a mi xt ur e of  Gaussi ans onl y

( b)  BGS by a mi xt ur e of  Gaussi ans wi t h 
t he i nt ensi t y and t ext ur e i nf or mat i on
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Intensity Integration for Shadow 
Removal

The normalized cross-correlation of the intensities at pixel X in the 
M by N neighborhood between the current frame and the 
background is calculated as : 
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Shadow removal

( a)  BGS by a mi xt ur e of  Gaussi ans onl y

( b)  BGS by a mi xt ur e of  Gaussi ans wi t h 
t he i nt ensi t y and t ext ur e i nf or mat i on
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Results
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quick lighting change use intensity
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quick lighting change use intensity + texture
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Other enhancement of Mixture of 
Gaussians
� Use region instead of single pixels (Eng, 

Wang, Kam, and Yau, 2006, more details 
in next class) 

� Use Color and Gradient information 
(Javed, Shafique, and Shah, 2002)
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Kernel Density Estimators – (1)
(Elgammal, Harwood, Davis 2000)
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Kernel Density Estimators – (2)
For N samples at a pixel, K is the kernel estimator

Original image Estimated probability image
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Kernel Density Estimators – (3)
Suppression of False Detection – by using 

neighborhood pixels
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Kernel Density Estimators – (4)
Remove shadows – by color in chromaticity 

coordinates

(b) RBG space, c) chromaticity coordinates
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Kernel Density Estimators – (5)
� Histogram or kernel density based BGS –

Non-parametric BGS, compare to parametric 
BGS (Gaussian) or semi-parametric BGS 
(mixture of Gaussians)
� Very flexible for complex densities
� Memory consuming



34

Mean-shift based estimation (1)
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Mean-shift based estimation (2)
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Mean-shift based estimation (3)
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Combined estimation and 
propagation (1)
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Combined estimation and 
propagation (2)
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Eigenbackgrounds (1)
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Eigenbackgrounds– main steps 
(2)
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Summary (1)
� Basic BGS
� Running Gaussian average
� Mixture of Gaussians
� Enhanced mixture of Gaussians
� Kernel Density Estimators
� Mean-shift based estimation
� Combined estimation and propagation
� Eigenbackgrounds
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Summary (2)
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Summary (3)
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Summary (4)
Real Video Surveillance Application:
� No single BGS method can handle all the 

cases
� Multiple BGS methods are needed

� Indoor (relative stable lighting)
� Outdoor

� Relative stable
� High dynamic

� Crowded environment
� Other motion based methods
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Homework #1
� Submit 1-page review for the following 

paper about Moving Object Detection
� Due before: Feb. 11, 2008
� Paper (I’ ll send out by email and put it in 

class website):
� A. Bugeau and P. Perez, “ Detection and segmentation of 

moving objects in highly dynamic scenes”  CVPR07.
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