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Agenda

Mean Shift Theory
* What is Mean Shift ?
* Density Estimation Methods
* Deriving the Mean Shift
* Mean shift properties

Applications
* Clustering
* Object Tracking
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What is Mean Shift?

A tool for:
Finding modes in a set of data samples representing an
underlying probability density function (PDF) in RN
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What is Mean Shift?

A tool for:
Finding modes in a set of data samples representing an
underlying probability density function (PDF) in RN
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Non-Parametric Density Estimation

Assumption : The data points are sampled from an underlying PDF

Assumed Underlying PDF Real Data Samples
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Non-Parametric Density Estimation

Assumption : The data points are sampled from an underlying PDF

Data point density
implies PDF value !

Assumed Underlying PDF Real Data Samples
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Kernel Density Estimation

Parzen Windows - Function Forms

P(x) =12K(x-xi) A function of some finite number
i of data points X;...X,
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P(x) =12K(x-xi) A function of some finite number
i of data points X;...X,
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Kernel Density Estimation

Parzen Windows - Function Forms

P(x) =12K(x-xi) A function of some finite number
i of data points X;...X,

-

- |
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In practice one uses the forms: '49'
Data
Same function on each dimension Function of vector length only
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Kernel Density Estimation

Various Kernels

P(x) =%2K(x-xi)

A function of some finite number of * .

data points X;...X, S 4 |
Da
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Kernel Density Estimation

Various Kernels

I A function of some finite number of * . -
)= ;Z LABERS) data points X,...X, . |
Data
Examples:
2
I -||x ) xl[=1 -
* Epanechnikov Kernel K, (x) = C( ” ” ” ”
0 otherwise
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Kernel Density Estimation

Various Kernels

P(x) =%2K(x-xi)

A function of some finite number of * .

data points X;...X, S 4 |

Data

Examples:

=1 -

2
* Epanechnikov Kernel K (x) = C(l_”X” )
. =
0 otherwise

Uniform Kernel K, (x)= { g th”X” S.l -
otncerwisce v

Mean Shift Tracking llic Slobodan



Kernel Density Estimation

Various Kernels

I A function of some finite number of * . -
P(x) = ;Z K(x-x;) data points X,...X, b 23 |
Data
Examples:
2
I -||x ) xl[=1 -
* Epanechnikov Kernel K, (x) = C( ” ” ” ”
0 otherwise

C ||x|| <1

Uniform Kernel K, (x) =
0 otherwise

v
&
Normal Kernel K, (x)=c-exp ( _%Hxnz ) ’
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Kernel Density Estimation

P(x) =%i K(x-x,)
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Kernel Densitz Estimation

Gradient

PO =~3 K(x-x)

n =
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Kernel Densitz Estimation

Gradient

VP(x) = %2 VK (x-X,)
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Kernel Densitz Estimation

Gradient

1 ¢ Give up estimating the PDF !
\Y =— ) V -X,
P(x) n Z K(x-x;) Estimate ONLY the gradient
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Gradient

1 ¢ Give up estimating the PDF !
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P(x) n Z K(x-x;) Estimate ONLY the gradient

2)

Using the
Kernel form:

X=X

h

I

K(x-x,) =ck(
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Kernel Densitz Estimation

Gradient

1 ¢ Give up estimating the PDF !
\Y =— ) V -X,
P(x) n Z K(x-x;) Estimate ONLY the gradient

2
X-X, )
%Size of window

Using the
Kernel form:

K(x-x,) =ck(
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Kernel Densitz Estimation

Gradient

1 ¢ Give up estimating the PDF !
\Y =— ) V -X,
P(x) n Z K(x-x;) Estimate ONLY the gradient

2)

n n Xigi
VP(x)=52Vk,-=5[2gi]- E - x
n <= n —
= I= Egl

| =l

Using the
Kernel form:

X=X

h

I

K(x-x,) =ck(

We get :
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Kernel Densitz Estimation

Gradient
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Kernel Densitz Estimation

Gradient

n n 2Xigi
VP(X)=%ZVkZ.=£[ gi]- x
i=1 1

zgi
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Computing The Mean Shift

VP<x>=52Vk,-=5[2gi]- T —-x
14 = n =
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Computing The Mean Shift
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14 = n =

Mean Shift Tracking Ilic Slobodan
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Computing The Mean Shift

S

I
i

S

Xigi
o l — X
g,
- i=1 —
Yet another Kernel

density estimation !
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Computing The Mean Shift
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Computing The Mean Shift

el X; 8,
e Egi ' = X
n| <
8,
=1
) )
P &
) \ )
)
e o o\ o
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e © ©
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Computing The Mean Shift

el X; 8,
e Egi ' = X
n| <
8,
=1
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P &
) \ )
)
e o o\ o
o > o,
e © ©
® o o
) )

Mean Shift Tracking Ilic Slobodan



Computing The Mean Shift

c i=1
— gl - i A X
P>
2
=1
® ®
®
Simple Mean Shift procedure: “
Compute mean shift vector ® o [\
[ & x-x,[) | ® 9 9
le’g — " ‘
i= h ‘ ‘
m(x) = T —X ) ®
o[ X o o
8§ "
® ®
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Computing The Mean Shift

c i=1
— gl - i A X
P>
2.8
=1
® ®
®
Simple Mean Shift procedure: “
. Compute mean shift vector ® o [\
[ & x-x,[) | ® 9 9
le’g — " ‘
m(x) = - " -X ® ) )
o[ xl o o
g "
®

*Translate the Kernel window by m(x)
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Mean Shift Mode Detection
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Mean Shift Mode Detection

What happens if we

reach a saddle point
?
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Perturb the mode position
and check if we return back
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Mean Shift Mode Detection
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Mean Shift Mode Detection

What happens if we

reach a saddle point
?

J

Perturb the mode position
and check if we return back

Updated Mean Shift Procedure:

* Find all modes using the Simple Mean Shift Procedure
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Mean Shift Mode Detection

What happens if we

reach a saddle point
?

)
B
|l M4 “,

J

Perturb the mode position
and check if we return back

Updated Mean Shift Procedure:

* Find all modes using the Simple Mean Shift Procedure
* Prune modes by perturbing them (find saddle points and plateaus)
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Mean Shift Mode Detection

What happens if we

reach a saddle point
?

J

Perturb the mode position
and check if we return back

Updated Mean Shift Procedure:

* Find all modes using the Simple Mean Shift Procedure
* Prune modes by perturbing them (find saddle points and plateaus)
* Prune nearby — take highest mode in the window
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Mean Shift Properties
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Mean Shift Properties

el ey B =) B
® © oo o o o oo 0000 O o o o ®

* Automatic convergence speed — the mean shift
vector size depends on the gradient itself.

* Near maxima, the steps are small and refined
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>  Gradient
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* Automatic convergence speed — the mean shift A Adapti
vector size depends on the gradient itself. aptive
>  Gradient
. Ascent
* Near maxima, the steps are small and refined )

* Convergence is guaranteed for infinitesimal
steps only =3 infinitely convergent,
(therefore set a lower bound)
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Mean Shift Properties

el ey B =) B
® © oo o o o oo 0000 O o o o ®

* Automatic convergence speed — the mean shift A

vector size depends on the gradient itself. Adap.tlve
>  Gradient
. Ascent
* Near maxima, the steps are small and refined )

* Convergence is guaranteed for infinitesimal
steps only =3 infinitely convergent,
(therefore set a lower bound)

* For Uniform Kernel ( # ), convergence is achieved in
a finite number of steps

* Normal Kernel ( <= ) exhibits a smooth trajectory, but
is slower than Uniform Kernel ( £ ).
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Real Modality Analysis
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Real Modality Analysis

Run the procedure in parallel
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Real Modality Analysis
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Run the procedure in parallel
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Real Modality Analysis

O
@
O
o @
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The blue data points were traversed by the windows towards the mode
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Real Modality Analysis

An example

8
o
4
0
-
-
38
-10
-10 -3 0 3 10
Window tracks signify the steepest ascent
directions
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Mean Shift Strengths & Weaknesses
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el ey B =) B
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Strengths :

* Application independent tool
e Suitable for real data analysis
* Does not assume any prior
shape

(e.g. elliptical) on data clusters
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* Does not assume any prior
shape
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 Can handle arbitrary feature
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Strengths :

* Application independent tool
e Suitable for real data analysis
* Does not assume any prior
shape
(e.g. elliptical) on data clusters
 Can handle arbitrary feature
spaces
* Only ONE parameter to
choose
* h (window size) has a physical
meaning, unlike K-Means
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Strengths :
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* Application independent tool
e Suitable for real data analysis
* Does not assume any prior
shape
(e.g. elliptical) on data clusters
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spaces
* Only ONE parameter to
choose
* h (window size) has a physical
meaning, unlike K-Means

Weaknesses :

* The window size (bandwidth
selection) is not trivial
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Strengths :

* Application independent tool
e Suitable for real data analysis
* Does not assume any prior
shape
(e.g. elliptical) on data clusters
 Can handle arbitrary feature
spaces
* Only ONE parameter to
choose
* h (window size) has a physical
meaning, unlike K-Means

Weaknesses :

* The window size (bandwidth
selection) is not trivial

* Inappropriate window size
can cause modes to be
merged, or generate additional
“shallow” modes
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Mean Shift Strengths & Weaknesses
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Strengths :

* Application independent tool
e Suitable for real data analysis
* Does not assume any prior
shape
(e.g. elliptical) on data clusters
 Can handle arbitrary feature
spaces
* Only ONE parameter to
choose
* h (window size) has a physical
meaning, unlike K-Means

Weaknesses :

* The window size (bandwidth
selection) is not trivial

* Inappropriate window size
can cause modes to be
merged, or generate additional
“shallow” modes

* Use adaptive window
size
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Clustering

Cluster :All data points in the attraction basin of a mode
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Attraction basin : the region for which all trajectories lead to the
same mode
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Attraction basin : the region for which all trajectories lead to the
same mode
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Clustering

Synthetic Examples
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Synthetic Examples
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Clustering

Real Example
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Clustering

Feature space: 0
L*u*v representation -_,
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Clustering

Real Example

L*u*v space representation
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Clustermg
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Clustermg

«————Real-Example

2D (L*u) space Final clusters

representation
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Not all trajectories
in the attraction basin
reach the same mode
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Non-Rigid Object Tracking
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Non-Rigid Object Tracking
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Mean-Shift Object Tracking

General Framework: Target Representation
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General Framework: Target Representation

a Choose a h
reference
model in the
\_ current frame
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Mean-Shift Object Tracking

General Framework: Target Representation

4 Choose a A (" )

reference ’ Choose a
model in the feature space
\_ current frame ) \ )
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Current
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Mean-Shift Object Tracking

General Framework: Target Representation

(" Choosea ) o h g Represent the h

reference _’ Choose a _’ model in the
model in the

feature space chosen feature
\_ current frame \ y L space y
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Current

EEnm frame _ﬁ EEE

Mean Shift Tracking Ilic Slobodan




Mean-Shift Object Tracking

General Framework: Target Representation
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Mean-Shift Object Tracking

General Framework: Target Representation

a Start from the b
position of the
model in the
\_ current frame

A AR BN EEEEEEEEEEEEEEEN
Model Candidate

Current

frame p -
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Mean-Shift Object Tracking

General Framework: Target Representation
g Start from the h 4 Search in the )

position of the ’ model’s

model in the neighborhood in
\_ current frame \ hext frame

R 74

A EEEN
Model Candidate

Current

EEn frame _ﬁ EEm
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Mean-Shift Object Tracking

General Framework: Target Representation

( Start from the (" Search in the ) (" Findbest )
position of the ’ model’s _’ candidate by
model in the neighborhood in maximizing a

\_ current frame \_next frame ) \_ similarity func. )

e - -
i

Model Candidate

Current

EEn frame _ﬂ EEm
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Mean-Shift Object Tracking

General Framework: Target Representation

( Start from the (" Search in the ) (" Findbest )
position of the ’ model’s _’ candidate by
model in the neighborhood in maximizing a

\_ current frame \_next frame ) \_ similarity func. )

e - -
i

Repeat the same
process in the
next pair of
frames

N\ J

Model Candidate
Current

[ ] frame _ﬁ [ ]
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Mean-Shift Object Tracking

General Framework: Target Representation
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Mean-Shift Object Tracking

General Framework: Target Representation
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Mean-Shift Object Tracking

General Framework: Target Representation

i Choose a A i h o Represent the h

' Choose a ’ model by its

reference feature space PDF in the
target model

\ y \ ) \feature space

Quantized
Color Space

Probability
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Mean-Shift Object Tracking

PDF Representation

Target Model

(centered at 0)

Target Candidate

(centered at y)
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Mean-Shift Object Tracking

PDF Representation
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Target Candidate
(centered at y)

Target Model

(centered at 0)
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Mean-Shift Object Tracking

PDF Representation

Target Model

(centered at 0)

Target Candidate

(centered at y)
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Mean-Shift Object Tracking

PDF Representation

Target Model

(centered at 0)

Target Candidate

(centered at y)

CCCCCCCCCC

Similarity
Function:

S ()= r[45()]
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Mean-Shift Object Tracking

Finding the PDF of the target model

model

{Xl. }i=1..n Target pixel locations
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Mean-Shift Object Tracking

Finding the PDF of the target model

{Xl. }i=1..n Target pixel locations

k(x) A differentiable, isotropic, convex, monotonically decreasing kernel
* Peripheral pixels are affected by occlusion and background interference
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Mean-Shift Object Tracking

Finding the PDF of the target model

{Xl. }i—l . Target pixel locations

k(x) A differentiable, isotropic, convex, monotonically decreasing kernel
* Peripheral pixels are affected by occlusion and background interference

b(x)  The color bin index (I..m) of pixel X
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Mean-Shift Object Tracking

Finding the PDF of the target model

{Xl. }i—l . Target pixel locations

k(x) A differentiable, isotropic, convex, monotonically decreasing kernel
* Peripheral pixels are affected by occlusion and background interference

b(x)  The color bin index (I..m) of pixel X

Probability of feature u in model

0.30

Probability
o

llic Slobodan
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Mean-Shift Object Tracking

Finding the PDF of the target model

{Xl. }i=1..n Target pixel locations

k(x) A differentiable, isotropic, convex, monotonically decreasing kernel
* Peripheral pixels are affected by occlusion and background interference

b(X) The color bin index (1..m) of pixel x

Probability of feature u in model
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Mean-Shift Object Tracking

Finding the PDF of the target model

candidate

R y

k(x) A differentiable, isotropic, convex, monotonically decreasing kernel
* Peripheral pixels are affected by occlusion and background interference

{Xl. }i=1..n Target pixel locations

The color bin index (1..m) of pixel x

b(x)

Probability of feature u in model Probability of feature u in candidate

Probability
o

“*1lic Slobodan
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Mean-Shift Object Tracking

Finding the PDF of the target model

{Xl. }i=1..n Target pixel locations

candidate

k(x) A differentiable, isotropic, convex, monotonically decreasing kernel
* Peripheral pixels are affected by occlusion and background interference

b(X) The color bin index (1..m) of pixel x

Probability of feature u in model

,<C Y k()

b(x;)=u

Probability of feature u in candidate

2)

n (=6 3 k|5
b(x;)=u

"<

ooooo
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Mean-Shift Object Tracking

Similarity Function

Target model: q = (% ----- q,, )
Target candidate: ]_5 ()/) = (p1 ()7) ----- P ()/ ))

Similarity function: f(y)=f[]_§(y),é] =7
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Mean-Shift Object Tracking

Similarity Function

Target model: q = (611 >>>>> q,, )
Target candidate: ]_5 ()/) = (p1 ()7) ----- P ()/ ))
Similarity function: f(y) =f []_5 (y),é] =7

The Bhattacharyya
Coefficient

<y

p'(»)
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Mean-Shift Object Tracking

Similarity Function

Target model: q = (611 ----- q,, )
Target candidate: ]_5 ()/) = (p1 ()7) ----- P ()/ ))
Similarity function: f(y) =f []3 (y),é'] =

The Bhattacharyya
Coefficient

al

p'(»)

COS (y)q
FG)=eo, =Ly 2P O
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Mean-Shift Object Tracking

Target Localization Algorithm

. e

q
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Mean-Shift Object Tracking

Target Localization Algorithm
N

( Start from the

position of the
model in the
\_ current frame )

-y
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Mean-Shift Object Tracking

Target Localization Algorithm
) )

8 Start from the ( Search in the

position of the ’ model’s
model in the neighborhood in

\_ current frame \ hextframe
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Mean-Shift Object Tracking

Target Localization Algorithm

(" Start from the ) (" Searchin the ) (" Findbest )
position of the ’ model’s _’ candidate by
model in the neighborhood in maximizing a

\_ current frame ) \ hextframe \_ similarity func.

»
[ ]
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[ ]
]
]
~ |

CEemaEEmamEEEm
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Mean-Shift Object Tracking

Approximating the Similarity Function

f(y)= Zl\/pu (y)qu Model location: Y,

Candidate location: YV
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Mean-Shift Object Tracking

Approximating the Similarity Function

f(y)= Zl\/pu (y)qu Model location: Y,

Candidate location: YV
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Mean-Shift Object Tracking

Approximating the Similarity Function

f(y)= Zl\/pu (y)qu Model location: Y,

Candidate location: YV

L'ziz::zp;zxf(y)~—2qu Boda. + 227006
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Mean-Shift Object Tracking

Approximating the Similarity Function

f(y)= Zl\/pu (y)qu Model location: Y,

Candidate location: YV

Linear approx. —
(around y,) f(y) E & (y) pu (yOl
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Mean-Shift Object Tracking

Approximating the Similarity Function

f(y)= Zl\/pu (y)qu Model location: Y,

Candidate location: Y
L
0 D
u 0

AORCS) k(Hy;ff
b(x;)=u

2)

Mean Shift Tracking llic Slobodan



Mean-Shift Object Tracking

Approximating the Similarity Function

f(y)= 21\/pu (y)qu Model location: Y,

Candidate location: YV

Linear approx. —
(around y,) f(y) Epu (y) pu (y())

| rorezifs
n _ 2
gzwik Y
2 = h

2)
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Mean-Shift Object Tracking
Approximating the Similarity Function

f(y)= Z\/pu (»)a.

Linear approx.
(around y,) f(y)~

Model location: Y,
Candidate location: JV

—Epu (»)

P, (yo)

1 -6, 3|

_ 2
h )

ﬂzwk Y4
2 £ h

2)
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Mean-Shift Object Tracking

Approximating the Similarity Function

f(y)= Zl\/pu (y)qu Model location: Y,

Candidate location:

inear approx. 1 &
. arounlzlpyo) f(y)~ 5 21 P, (Jj

pu (y()

-, {5
%(M )

)
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Mean-Shift Object Tracking
Approximating the Similarity Function

f(y)= 21\/pu (y)qu Model location: Y,

Candidate location: YV

Linear approx.
aroun f Y)= ‘~ P,V
(around y,) ( ) 2 ( ) pu(yo)

l pu(y)=chb;_uk(‘yfz)

n _ 2
G 2 wk S
2 4~ h
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Mean-Shift Object Tracking

Maximizing the Similarity Function

2

C, < - X,
The mode of —hEWik Hy al
2 4

h

= sought maximum
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Mean-Shift Object Tracking

ilarity Function
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Mean-Shift Object Tracking

Applying Mean-Shift

2

= sought maximum

C, ¥ - X,
The mode of —hzwik Hy al
2

h

n 2
2 Beel|])
Original . S Y- . _
Mean-Shift: Find mode of CZk(H ; ) using Wi ) Vo —x 2
247
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Mean-Shift Object Tracking

Applying Mean-Shift

2

C, < - X,
The mode of %Zwik Hy P : = sought maximum
n y _x 2
2 le-g( Oh | )
Original . S Y- . _
Mean-Shift: Find mode of CZk(H ; ) using Wi ) Vo —x 2
24\
n y _x 2
2 Exiwig( - h : )
Extended < y-X : !
i k ’ usin =
Mean-Shift: Find mode of Clzl " (H h ] e ” Vo = X; ’
2Wig h l
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Mean-Shift Object Tracking

Applying Mean-Shift

C, & x|
The mode of %Ewik Hy P : = sought maximum
i=1
n 2
zx_g( Yo —Xi )
C . n 2 - h
Original : Yy—X : =
Mean-Shift: Find mode of CZk(H ; ) using Wi ) ( Vo —x 2)
24
- h
n y x 2
0~ i
2 RudlEsl
Extended Find mode of Ciﬂ{ S’ using ), = - "
Mean-Shift: & h L ( Vo — X, 2)
| 2@ o
o h
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Mean-Shift Object Tracking

About Kernels and Profiles

yO xl

)

: 2 q
Extended . . Y-X, -
Mean-Shift: RS C] CZ ‘@{H h ) 2 .i )

yO 'xz
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Mean-Shift Object Tracking

About Kernels and Profiles

A special class of
radially symmetric

kernels:

K(x)=ck ()

Extended
Mean-Shift:

Find mode of 02 un ;1

A

=X

yO xl

)

)=

BEE

yO ‘xz

J
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Mean-Shift Object Tracking

About Kernels and Profiles

A special class of
radially symmetric

kernels:

K(x)=ck ()

K (x)=g(x)

Extended
Mean-Shift:

Find mode of 02 un ;1

=X

yO xl

)

| ic |,
BEE

yO ‘xz

J

Mean Shift Tracking
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Mean-Shift Object Tracking

Choosing the Kernel
A special class of radially K (X) _ ok q‘xuz )

symmetric kernels:

Epanechnikov kernel:

-

o>
k(x)={l—x ifoHsl}

0 otherwise
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Mean-Shift Object Tracking

Choosing the Kernel
A special class of radially K (x) _ ok q‘xuz )

symmetric kernels:

Epanechnikov kernel: Uniform kernel:

— -
N — >
k(x)={l—x ifoHsl} g(x)=_k(x)={1 if||x||sl}

0  otherwise 0 otherwise
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Mean-Shift Object Tracking

Choosing the Kernel

A ial cl f radiall
TSI k()= ()

Epanechnikov kernel: Uniform kernel:

— -
k(x)={1;x if“X“fl} o ()= (x)- {1 if||x||§1}

otherwise 0 otherwise
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Mean-Shift Object Tracking

Adaptive Scale

Problem

u
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Mean-Shift Object Tracking

Adaptive Scale
Problem
Solution

Mean Shift Tracking llic Slobodan




Mean-Shift Object Tracking

Adaptive Scale
Problem
Solution
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Adaptive Scale
Problem
Solution
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Mean-Shift Object Tracking

Adaptive Scale
Problem
Solution
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Mean-Shift Object Tracking

Adaptive Scale
Problem
Solution
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Mean-Shift Object Tracking

Results

Feature space: |6x16x16 quantized RGB
Target: manually selected on |5t frame
Average mean-shift iterations: 4
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Mean-Shift Object Tracking

Results

Motion blur
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Mean-Shift Object Tracking

Results
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Mean-Shift Object Tracking

Results
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Mean-Shift Object Tracking

The Scale Selection Problem

Kernel too big

Kernel too small
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Mean-Shift Object Tracking

The Scale Selection Problem
Kernel too big

*smallr

\ Poor = " muéth et
P —} b t
Kernel too small / IOCahzatlon too ig’ or 09.
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Mean-Shift Object Tracking

The Scale Selection Problem

Kernel too big

Kernel too small /
PrObIem -
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Mean-Shift Object Tracking

The Scale Selection Problem

Kernel too big

Kernel too small /
PrObIem - -
) —>
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Mean-Shift Object Tracking

The Scale Selection Problem

Kernel too big

Kernel too small /
Problem
. — —
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Tracking Through Scale Space

Motivation
sesseessnannsannnsnnnnss

(~ Spatial ) Simultaneou
localization s localization
—| .
for several in space and
\_ scales Yy, \_ scale Yy,
Previous method This method
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Lindeberg’s Theory

Selecting the best scale for describing image features

Ai

'y 1€

I

‘e
- i
s e
’
'

L,

Scale-space
representation

Differential operator

50 strongest
responses

Mean Shift Tracking
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Lindeberg’s Theory

Selecting the best scale for describing image features

Scale-space
representation
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Lindeberg’s Theory

Selecting the best scale for' describing image features
&\ 2 hw"mﬂ,‘\%a Hhige
'&0.‘

’“"- -" '

Scale-space Laplacian of

representation Gaussian (LOG)
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Lindeberg’s Theory

Selectmg the best scale for' descrlbmg image features
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Gaussian (LOG)
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Lindeberg’s Theory

Selectmg the best scale for describing image features

2 _
” x” ||x||

LOG (x;0 )_

Vxef,Vo,,:
L(x,o )= LOG (x;o )*f(x)
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Lindeberg’s Theory

Selectmg the best scale for describing image features

2 _
” x” ||x||

LOG (x;0 )_

Vxef,Vo,,:
L(x,o )= LOG (x;o )*f(x)

Best features are at
(X,0) that maximize L
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Lindeberg’s Theory

Multi-Scale Feature Selection Process

Original Image
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Lindeberg’s Theory

Multi-Scale Feature Selection Process

3D scale-space
function

Original Image

L (x,o )= LOG (x;G )* f(x)
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Lindeberg’s Theory

Multi-Scale Feature Selection Process

3D scale-space
function

Original Image

B Maximize

L (x,o )= LOG (x;G )* f(x)

250 strongest responses
(Large circle = large scale)

Mean Shift Tracking
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Tracking Through Scale Space

Approximating LOG using DOG
LOG (x;0 )= DOG (x;0 )= G(x;0 )-G(x;1.60)
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Tracking Through Scale Space

Approximating LOG using DOG

LOG (x;0 )= DOG (x;0 )= G (x;0 )- G (x;1.60)
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Tracking Through Scale Space

Approximating LOG using DOG

LOG (x;0 )= DOG (x;0 )= G (x;0 )- G (x;1.60)

&

Why DOG?

* Gaussian pyramids are created faster

* Gaussian can be used as a mean-shift kernel
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Tracking Through Scale Space

Approximating LOG using DOG

LOG (x;0 )= DOG (x;0 )= G (x;0 )- G (x;1.60)

=

Why DOG?

* Gaussian pyramids are created faster

* Gaussian can be used as a mean-shift kernel

K(x,o) = 3

2 :
Gk
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Tracking Through Scale Space

Approximating LOG using DOG
(x;0 )-G(x;1.60)

LOG (x;0 )= DOG (x;0 )=

=

Why DOG?

* Gaussian pyramids are created faster

* Gaussian can be used as a mean-shift kernel

K(x,o) = §

Scale-space
filter bank
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Tracking Through Scale Space

Using Lindeberg’s Theory

Recall:
Model: q = (q1 ----- qm) at )y
Candidate: p (y) = (p1 (y) ..... P, (y))

Color bin:  b(x)

. . Do)
Pixel weight: W(X) = \/ i
Phx (yo )
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Tracking Through Scale Space

Using Lindeberg’s Theory

Weiht image

Recall: T

Model: q= (q1 ----- qm) at Yy

Candidate: | p (y) = (pl ()/) ----- P (y ))
Color bin: k(x)

. . Do)
Pixel weight: W(X) = \/ i
Phx (yo )
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Tracking Through Scale Space

Using Lindeberg’s Theory

M

3D spatial kernel

(DOG)
Recall: T
Model: q = (% ----- qm) at )y
Candidate: | p (y) = (p1 (y) ..... P, (y))

Color bin: k(x)

. . Do)
Pixel weight: W(X) = \/ 1
Phx (yo )
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Tracking Through Scale Space

Using Lindeberg’s Theory

A
M

| D scale kernel

: 3D spatial kefnel
Weight i |mage SI(DI?)CI;IG)e ne

Recall: T

(Epanechnikov)
Model: q = (qp---aqm) at )y
Candidate: ]3()/)=(p1 (y),...,pm (y))

Color bin: k(x)

. . Do)
Pixel weight: W(X) = \/ 1
Phx (yo )
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Tracking Through Scale Space

Using Lindeberg’s Theory

Y- N
% ‘ = E(x,O)

K
| D scale kernel 3D scale-space
(Epanechnikov) representation
3D spatial ke[ nel l
(DOG)

Recall: Modes are blobs in

P — _( ) . the scale-space

odel: q =\41>-->9,) at Yo neighborhood

Candidate: | p (y) = (pl ()7), coes Py (y ))
Color bin: k(x)

Pixel weight: W(x):\/ Do)

Phx (yo )
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Tracking Through Scale Space

Using Lindeberg’s Theory

Y- N
% m = E(x,O)

| D scale kernel 3D scale-space
(Epanechnikov) representation

1

3D spatial ke[ nel

(DOG)

Recall: Modes are blobs in

P ~ =( ) . the scale-space
odel: q =\41>-->9,) at Yo neighborhood

Candidate: 13(y) = (p1 ()’)a veos Py (y)) l

Need a mean-shift
procedure that finds
local modes in

E(x,0)

Color bin: k(x)
Dp(x
Pixel weight: w(x) = \/ o)

Phx (yo )
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Tracking Through Scale Space

Example

BN -

Scale
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Tracking Through Scale Space

Applying Mean-Shift

Use interleaved spatial/scale mean-shift

Scale
Spatial stage: stage:
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Applying Mean-Shift

Use interleaved spatial/scale mean-shift

Scale

Spatial stage:
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Applying Mean-Shift

Use interleaved spatial/scale mean-shift

Scale
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Tracking Through Scale Space

Applying Mean-Shift

Use interleaved spatial/scale mean-shift

Scale

Spatial stage:
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Tracking Through Scale Space

Results

Fixed-scale
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Results

Fixed-scale
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Tracking Through Scale Space

Results

Fixed-scale

+ 10% scale adaptation

- "’ﬂ.\ ~
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