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Introduction

Objectives

= Binary segmentation into Background/moving objects
Objects which stop and temporarily do not move need to
stay ’object’

An explicite background model is created, mostly pixelwise
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Introduction

Background subtraction

Problems of the frame differencing algorithms

e
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Y. Y.
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GMM based background subtraction
State of the art [Stauffer and Grimson, 2000]

= K Gaussians are held and updated for each pixel
Grayvalues y; of pixels i are matched agains Gaussians

A subset of the Gaussians is identified as BG (low variance,
high matching frequency)

Component k of pixel i :
Mean &

Variance of

weight w¥

o B
~e

— Several FG distributions ! (waving trees, flags, etc.)
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Is this pixel foreground or background ?

Identify the best matching BG distribution
Is this distribution FG or BG ?

® Order all distributions according to (low) std dev o and (high)
weight w :

wk

ok
® The first distributions occupying T = 70% weight (w) are
considered as BG.

the decision is crisp and may fail (often)!
pixels are treated independently
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Our contribution : global decision

Take the decision globally together for all pixels of a short
spatio-temporal block :

= Spatial regularization (neighbors tend to have similar labels)
= Temporal regularization (labels tend to remain for some time)
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Markov random field (MRF)

Global minimization of a global energy function

E(x,y) = (..

x = {x1,x2,...,xy} labels of a short space-time block,
sequentially indexed ; BG=0, FG=1.

y = {y1,y2,...,yn} the grayvalues/colors.

X = argmin E(x, y)
X
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Trivial energy function : no regularization

= |dentify the best matching background (!!) distribution for
pixel i
= Measure the normalized deviation from the mean p;

A, = iz wl
Oi

A if x; = 0 (BG)
Eq(Ai,x;) = { 2D — A; ifx; = 1 (FG)

— equal to pixelwise thresholding with threshold D.
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Spatio-temporal regularizer

Spatial AND temporal regularization :
E(x,y) = adZEd(Ai,xi)

I e

invj

+ o Z d(xi, xj)

i

Favors similar labels over spatial and temporal neighbors

i~ j i and j are spatial neighbors
ilj i and j are temporal neighbors
d(a,b) 0if a=b, 1 else (Kronecker delta)
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Include a motion model

Problem : moving objects disturb the temporal regularization.

— include a dense motion vector field u; with horizontal and
vertical components (u; ., u;y) :

E(x,y,u) == adzEd(Ahxi)

+ zl: i ;)

invj

+ o Z 6(Xi, xi—»lt,-)
i
== amZEm(u,-,uj)

invj

aF @ Z Em(u,-, uj)
iy

Problem : exact global optimization is difficult
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Include a motion model

Problem : exact global optimization is difficult

Solution : separate optimization

= Step 1 : optimize over the FG/BG labels with fixed motion
vectors

= Step 2 : estimate motion vectors with fixed labels
— Optical flow problem

... and iterate until convergence/tired of it.
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Step 1 : estimate labels

Optimize over the FG/BG labels x; with fixed motion vectors u; :
X =argmin oy Z E (A, x;)

aF Qg ZI (5()61',)(]')

invj

+ o Z 6 (xi, Xi—u;)
i

Discrete optimization problem

= All terms are binary labeled and submodular

= — exact minimization using min st-cut and Kolmogorv et.
al’s graph construction.
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Introduction GMM-BG-subtr

Vi 2

E(x,y) = Ei(x1;51) + E1(x2;y2) + E2(x1, x2)
X1 X2

Submodular terms

E2(0a 0) +E2(1a 1) < EZ(O’ 1) +E2(1’0)

Graph construction methods

S S

Boykev et al. Kolmogorov et al.
(PAMI 2001) (PAMI 2004)
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Step 2 : approximate optical flow

Motion vectors u; are calculated using approximate optical flow.

Trivial version : simple block matching with discretized vectors u

u = argmin o E min_|y; — yiul
u " ue(l,7)?

— pixelwise optimization

Next step : additional performance gain through regularization of
the motion vectors u
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Step 2 : approximate optical flow

Block matching with regularization of motion vectors u :

u=argmin o min_|y; — y;_ [t
g U 6[1T]| 1—>[a]|

+ Oézz i 1y —yie ¢

+ O402|’/‘1x| +aOZ|ul)|

+ amZ|“tx MJX|+|MI7)’ jy|

lN]

Discrete optimization problem
= Multiple Labels with linear order
Terms are convex in label differences

= exact minimization using min st-cut and Ishikawa'’s graph
construction.
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Graph cuts minimization of convex functions

Convexity in label differences

Er(xi, %) = g(x; — x3), g(+) convex
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(PAMI, 2003)
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Approximate optical flow : results

First frame Second frame Motion magnitude
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Results

BG subtraction : results

PROP. MET. MOTION MAG

U
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Conclusion

New background subtraction algorithm which improves upon
Grimson & Stauffer

Spatio-temporal regularization across a whole section of the
ST-cube

A motion model compensates object movement
Particularly powerful in case of global changes in the scene
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