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Course Outline  

ÅSingle-Object Tracking  

ü Background modeling  

ü Template based tracking  

ü Color based tracking  

ü Contour based tracking  

ü Tracking by online classification  

ü Tracking -by-detection  
 

ÅBayesian Filtering  
 

ÅMulti -Object Tracking  
 

ÅArticulated Tracking  

2 
Image source: Robert Collins 



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
 

C
o
m
p
u
t
e
r
 
V
i
s
i
o
n
 
I
I
,
 
S
u
m
m
e
r
ô
1
4

 

Region of 

interest 

Center of 

mass 

Mean Shift 

vector 

Recap: Mean-Shift  

Slide by Y. Ukrainitz  & B. Sarel 

Objective: Find the densest region  



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
 

C
o
m
p
u
t
e
r
 
V
i
s
i
o
n
 
I
I
,
 
S
u
m
m
e
r
ô
1
4

 

Recap: Using Mean-Shift on Color Models  

ÅTwo main approaches  
 

1. Explicit weight images  

ð Create a color likelihood image, with pixels  

weighted by the similarity to the desired  

color (best for unicolored  objects).  

ð Use mean-shift to find spatial modes of the likelihood.  
 

 

 

2. Implicit weight images  

ð Represent color distribution by a histogram.  

ð Use mean-shift to find the region that has the  

most similar color distribution.  

 

 

4 
B. Leibe Slide credit: Robert Collins  
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Mean-Shift on Weight Images  

ÅIdeal case 

ü Want an indicator function that returns 1 for pixels on the 

tracked object and 0 for all other pixels.  
 

ÅInstead 

ü Compute likelihood maps  

ü Value at a pixel is proportional to the likelihood  

that the pixel comes from the tracked object.  
 

ÅLikelihood can be based on  

ü Color 

ü Texture  

ü Shape (boundary)  

ü Predicted location  

5 
B. Leibe Slide credit: Robert Collins  
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Recap: Mean-Shift Tracking  

ÅMean-Shift finds the mode of an explicit likelihood image  

 

 

 

 

 

 

 

 

 

Ý Mean-shift computes the weighted mean of all  

shifts (offsets), weighted by the point likelihood  

and the kernel function centered at x .  
6 

B. Leibe 

Sum over all pixels a 

under kernel K  

Weight from the  

likelihood image  

at pixel a 

Kernel  weight  

evaluated  at  

offset (a ï x ) 

Offset of pixel a 

to kernel center x  

Normalization  
term  
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Recap: Explicit Weight Images  

 

 

 

 
 

ÅHistogram backprojection  

ü Histogram is an empirical estimate of p(color | object) = p(c | o) 

 

ü Bayesõ rule says: 

 

ü Simplistic approximation: assume p(o)/ p(c) is constant.  

Ý Use histogram h as a lookup table to set pixel values in the 

weight image.  

ü If pixel maps to histogram bucket i , set weight for pixel to h(i ).  

 
7 

B. Leibe Image source: Gary Bradski Slide credit: Robert Collins  
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Recap: Scale Adaptation in CAMshift 

 

8 
Image source: http://docs.opencv.org/trunk/doc/py_tutorials/py_video/py_meanshift/py_meanshift.html  
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Recap: Tracking with Implicit Weight Images  

 

9 
B. Leibe Slide by Y. Ukrainitz  & B. Sarel 
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Recap: Comaniciuõs Mean-Shift  

ÅColor histogram representation  

 

 

 

 
 

ÅMeasuring distances between histograms  

ü Distance as a function of window location y   

 

 
 

ü where          is the Bhattacharyya coefficient  

10 
B. Leibe Slide credit: Robert Collins  
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Recap: Comaniciuõs Mean-Shift  

ÅCompute histograms via Parzen estimation  

 

 

 

 
 

ü where k(¢) is some radially symmetric smoothing kernel profile,  

x i  is the pixel at location i , and b(x i) is the index of its bin in 

the quantized feature space.  
 

ÅConsequence of this formulation  

ü Gathers a histogram over a neighborhood  

ü Also allows interpolation of histograms centered around an  

off -lattice location.  

11 
B. Leibe Slide credit: Robert Collins  
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Recap: Result of Taylor Expansion  

ÅSimple update procedure: At each iteration, perform  

 

 

 

 

ü which is just standard mean -shift on (implicit) weight image wi .  
 

ü Letõs look at the weight image more closely. For each pixel x i   

 

 

 
 

Ý If pixel x iõs value maps to histogram bucket B , then  

12 
B. Leibe Slide credit: Robert Collins  

This is only 1  

once in the  

summation  
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Today: Contour based Tracking  

13 
B. Leibe Image source: Yuri Boykov 
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Topics of This Lecture  

ÅDeformable contours  

ü Motivation  

ü Contour representation  
 

ÅDefining the energy function  

ü External energy  

ü Internal energy  
 

ÅEnergy minimization  

ü Greedy approach  

ü Dynamic Programming approach  
 

ÅExtensions 

ü Tracking  

ü Level Sets 
 

B. Leibe 
14 
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Deformable Contours  

ÅGiven 

ü Initial contour (model) near desired object  

 

 

15 
B. Leibe Image source: Yuri Boykov Slide credit: Kristen Grauman 

M. Kass, A. Witkin , D. Terzopoulos . Snakes: Active Contour Models,  

IJCV1988. 

http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
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Deformable Contours  

ÅGiven 

ü Initial contour (model) near desired object  

ÅGoal 

ü Evolve the contour to fit the exact object  

boundary  

 

ÅMain ideas 

ü Iteratively adjust the elastic band so as to be near image 

positions with high gradients, and  

ü Satisfy shape òpreferencesó or contour priors  

ü Formulation as energy minimization problem.  

 

16 
B. Leibe Image source: Yuri Boykov Slide credit: Kristen Grauman 

M. Kass, A. Witkin , D. Terzopoulos . Snakes: Active Contour Models,  

IJCV1988. 

http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
http://www.cs.ucla.edu/~dt/papers/ijcv88/ijcv88.pdf
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Deformable Contours: Intuition  

 

17 
Slide credit: Kristen Grauman 

Image source: http://www.healthline.com/blogs/exercise_fitness/ 

uploaded_images/HandBand2-795868.JPG 
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Why Do We Want Deformable Shapes? 

 

 

 

 

 

 

 

ÅMotivations  

ü Some objects have similar basic form, but some variety in 

contour shape.  

18 
B. Leibe Slide credit: Kristen Grauman 
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Why Do We Want Deformable Shapes? 

 

 

 

 

 

 

 

ÅMotivations  

ü Some objects have similar basic form, but some variety in 

contour shape.  

ü Non-rigid, deformable objects can change their shape over time, 

e.g. lips, handsé 

 
19 

B. Leibe Slide credit: Kristen Grauman Image source: M. Kass et al., 1988  
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Why Do We Want Deformable Shapes? 

 

 

 

 

 

 

 

ÅMotivations  

ü Some objects have similar basic form, but some variety in 

contour shape.  

ü Non-rigid, deformable objects can change their shape over time, 

e.g. lips, hands é 

ü Contour shape may be an important cue for tracking  

 20 
B. Leibe Slide credit: Kristen Grauman Image source: Julien Jomier 
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Topics of This Lecture  

ÅDeformable contours  

ü Motivation  

ü Contour representation  
 

ÅDefining the energy function  

ü External energy  

ü Internal energy  
 

ÅEnergy minimization  

ü Greedy approach  

ü Dynamic Programming approach  
 

ÅExtensions 

ü Tracking  

ü Level Sets 
 

B. Leibe 
21 
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Contour Representation  

ÅDiscrete representation  

ü Weõll consider a discrete representation of the contour, 

consisting of a list of 2D point positions (òverticesó). 

 

 

 

 

 

 

 

ü At each iteration, weõll have the option  

to move each vertex to another nearby  

location (òstateó). 

 

 22 
B. Leibe 

),,( iii yx=n

1,,1,0 -= ni 2for  

),( 00 yx

),( 1919 yx

Slide credit: Kristen Grauman 
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Fitting Deformable Contours  

ÅHow to adjust the current contour to form the new 

contour at each iteration ? 

ü Define a cost function (òenergyó function) that says how good  

a candidate configuration is.  

ü Seek next configuration that minimizes that cost function.  

 

 

23 
B. Leibe 

initial intermediate final 

Slide credit: Kristen Grauman 
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Energy Function  

ÅDefinition  

ü Total energy (cost) of the current snake  

 

 

 

ÅInternal energy  

ü Encourage prior shape preferences: e.g., smoothness,  

elasticity , particular known shape.  
 

ÅExternal energy  

ü Encourage contour to fit on places where image structures  

exist , e.g., edges. 

 

Ý Good fit between current deformable contour and target shape 

in the image will yield a low value for this cost function.  

 
24 

B. Leibe Slide credit: Kristen Grauman 

externalinternaltotal EEE +=
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ÅHow do edges affect snap of 

rubber band?  

ü Think of external energy from image 

as gravitational pull towards areas of 

high contrast.  

 

External Image Energy  

 

26 
B. Leibe 

- (Magnitude of gradient)  

( )22 )()( IGIG yx +-

Slide credit: Kristen Grauman 
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External Image Energy  

ÅGradient images                and 

 

 

 

 

 

ÅExternal energy at a point on the curve is:  

 

 
 

ÅExternal energy for the whole curve:  
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B. Leibe 

),( yxGx ),( yxGy

)|)(||)(|()( 22 nnn yxexternal GGE +-=

2
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-

=

+-=

Slide credit: Kristen Grauman 
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Internal Energy: Intuition  

 

28 
B. Leibe 

What are the underlying boundaries 

in this fragmented edge image?  
And in this one?  

Slide credit: Kristen Grauman 
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Internal Energy: Intuition  

ÅA priori , we want to favor  

ü Smooth shapes  

ü Contours with low curvature  

ü Contours similar to a known shape, etc. to balance what is 

actually observed (i.e., in the gradient image).  

 

29 
B. Leibe Slide credit: Kristen Grauman 



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
 

C
o
m
p
u
t
e
r
 
V
i
s
i
o
n
 
I
I
,
 
S
u
m
m
e
r
ô
1
4

 

Internal Energy  

ÅCommon formulatoin  

ü For a continuous  curve, a common internal energy term is the 

òbending energyó.   

ü At some point v(s) on the curve, this is:  

 

 

30 
B. Leibe 

Tension,  

Elasticity  

 

Stiffness,  

Curvature  

sd

d

ds

d
sEinternal 2

2

))((

2
2

nn
ban +=

Slide credit: Kristen Grauman 
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Internal Energy  

ÅFor our discrete representation,  

 

 

 

 

 

ü Note these are derivatives relative to position ð not spatial 

image gradients.  

 

 

31 
B. Leibe 
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Slide credit: Kristen Grauman 
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Internal Energy  

ÅFor our discrete representation,  

 

 

 

 

 

ÅInternal energy for the whole curve:  

 

 

 

ü Why do these reflect tension and curvature?  
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B. Leibe 
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Slide credit: Kristen Grauman 
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Example: Compare Curvature  
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B. Leibe 

(1,1) (1,1) 

(2,2) 

(3,1) 
(3,1) 

(2,5) 

2

11 2)( -+ +-= iiiicurvature vE nnn

σ ςς ρς ρ ςυ ρς σ ςς ρς ρ ςς ρς 

ψς φτ ςς τ 

2

11

2

11 )2()2( -+-+ +-++-= iiiiii yyyxxx

Slide credit: Kristen Grauman 
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Penalizing Elasticity  

ÅCurrent elastic energy definition uses a discrete 

estimate of the derivative:  
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What is a possible problem  

with this definition ? 
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Penalizing Elasticity  

ÅCurrent elastic energy definition uses a discrete 

estimate of the derivative : 

 

 
 

ÅInstead:  
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where d is the average distance 

between pairs of points ð updated at 

each iteration.  
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Dealing with Missing Data  

ÅEffect of Internal Energy  

ü Preference for low -curvature, smoothness helps dealing with 

missing data   

36 
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Illusory contours found!  

Image source: Kass et al., 1988  Slide credit: Kristen Grauman 
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Extending the Internal Energy: Shape Priors  

ÅShape priors  

ü If object is some smooth variation on  

a known shape, we can use a term that  

will penalize deviation from that shape : 

 

 

 

 

 

 where           are the points of the known  

 shape. 

 

 

37 
B. Leibe 

ä
-

=

-Ö=+
1

0

2)Ĕ(
n

i

iiinternalE nna

}Ĕ{ in
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Putting Everything Together...  

ÅTotal energy  

 

 
 

ü with the component terms  

 

 

 

 

 

 

 
 

Behavior can be controlled by adapting the weights ®, ¯, ° .  
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Total Energy  

ÅBehavior varies as a function of the weights  

ü E.g., ® weight controls the penalty for internal elasticity.  
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small ® large ® medium ® 

Image source: Yuri Boykov Slide credit: Kristen Grauman 



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
 

C
o
m
p
u
t
e
r
 
V
i
s
i
o
n
 
I
I
,
 
S
u
m
m
e
r
ô
1
4

 

Summary: Deformable Contours  

ÅA simple elastic snake is defined by:  

ü A set of N  points,  

ü An internal energy term (tension,  

bending , plus optional shape prior)  

ü An external energy term (gradient -based)  

 

ÅTo use to segment an object:  

ü Initialize in the vicinity of the object  

ü Modify the points to minimize the total  

energy  

 

ü How can we do this minimization?  

 

40 
B. Leibe Slide credit: Kristen Grauman Figure  source: Yuri Boykov 
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Topics of This Lecture  

ÅDeformable contours  

ü Motivation  

ü Contour representation  
 

ÅDefining the energy function  

ü External energy  

ü Internal energy  
 

ÅEnergy minimization  

ü Greedy approach  

ü Dynamic Programming approach  
 

ÅExtensions 

ü Tracking  

ü Level Sets 
 

B. Leibe 
41 


