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NONRIGID TRACKING

Desired algorithm:
* |nvariant to nonrigid transformation

HOG, SIFT, and parametric image alignment
do not work.



NONRIGID TRACKING

Desired algorithm:
* |nvariant to nonrigid transformation :
« Color histogram




NONRIGID TRACKING

Desired algorithm:
* |nvariant to nonrigid transformation
« Color histogram

 Computationally efficient
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Sliding window regiures too much computation.



NONRIGID TRACKING

Desired algorithm:
* |nvariant to nonrigid transformation
« Color histogram

 Computationally efficient
» Gradient based tracking




NONRIGID TRACKING

Desired algorithm:
* |nvariant to nonrigid transformation
» Color histogram (not spatial rep.)

 Computationally efficient
» Gradient based tracking (relying on spatial rep.)

Contradictory!




NONRIGID TRACKING FOR BINARY IMAGE

Tracking window
t=t, ! t=t

! [4,5]



NONRIGID TRACKING FOR BINARY IMAGE

Tracking window
t=t, ! t=t

! [4,9] ! [3,6]




NONRIGID TRACKING FOR BINARY IMAGE Gradient direction?

Tracking window
t=t, ! t=t, /
@ @ /
@ @ : \= @ @
@ @ @ @
@

8,1]

! [4,5]



CONTINUOUS REPRESENTATION: WEIGHTED HISTOGRAM

t=t,
® ®
i | | | — Gaussian weight

I.Iy ¢ _y=x)?

pwhite:CZe 2 5(b(xi)_0)
®

_ly=x)?

. pblack:CZ:e 2o 5(b(xl)_1)

[3.2,5.6]

! [4,5]



CONTINUOUS REPRESENTATION: WEIGHTED HISTOGRAM
t=t,

.« e
Xi%_// Gaussian weight
® :

(y-

)i y o Purie =C D € 27" (b(x,)-0)

(y—x)?

® Pk = Cze_?é‘(b(xi)_l)

[3.2,5.6]

! [4,5]



CONTINUOUS REPRESENTATION: WEIGHTED HISTOGRAM
t=t,

.« e
Xi%_// Gaussian weight
®

y
®

p,=C>e 2 &(b(x)-m)

[3.2,5.6]

! [4,5]



HiIsToGRAM MATCH

t=t,

Bhattacharyya coefficient:
A measure of similarity of prob. dist.

p(y)=| p(y).q]

= JPa(Y)d,

Cosine distance between prob. dist.

[3.1,5.9] /
o)
Y

13.2,5.6]




NONRIGID TRACKING FOR BINARY IMAGE Where to move next?

Tracking window
t=t, ! t=t, /
@ @ /
@ @ : \= @ @
@ @ @ @
@

[3.2,5.6]




Meanshift Algorithm

Fukunaga and Hostetler, “The Estimation of the Gradient of a Density Function, with
Applications in Pattern Recognition”, 1975



MODE-SEEKING

Data points



MODE-SEEKING

Data points




MODE-SEEKING

Data points



MODE-SEEKING

Region of interest




MODE-SEEKING

Region of interest Center of mass

Mean shift vector



MODE-SEEKING
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DATA DENSITY ESTIMATION
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Data points in R"



DATA DENSITY ESTIMATION

Assumption: data are sampled from underlying ) )
probability density function (PDF) - c . .,

P(x)~ P(x| D)

Data points in R”



DATA DENSITY ESTIMATION

Assumption: data are sampled from underlying

probability density function (PDF) :

P(x)~ P(xID) SRS ;
~ p(XIX)+--+ p(xIx.) RA Py e
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DATA DENSITY ESTIMATION

(X=X; )2

Assumption: data are sampled from underlying p(x|x)=Ce 27

probability density function (PDF) : |
BRI - Gaussian kernel
P(x) = P(x|D) Ty e :
~ p(XIX)+--+ p(xIx.) RA Py e
:.'l ) : 5 . .
s L. BLTLTET
E = .': ¢ .:: a::.: "
s e

Data points in R”




DATA DENSITY ESTIMATION

X
Assumption: data are sampled from underlying i % \,;_,/ p(x|x_):Ce‘(xz_aXi2)2
probability density function (PDF) o ; — -
g : - Gaussian kerne
P(x) =~ P(xID)
= P(XIX)+--+ p(xIx.)
_nzi:cie

-
L

Data points in R”



DATA DENSITY ESTIMATION

X
Assumption: data are sampled from underlying . o . % \.-H/ p(x1x)=K(x—x)
probability density function (PDF) - E—
A b E General kernel
P(x)=~ P(x|D)
= P(XIX)+--+ p(xIx.)
= %ZK(X ~X.)

-
L

Data points in R”



Epanechnikov kernel

. c(1-llz—='|?) llz-=z'|*<1

BN _
“ i) = { 0 otherwise

Uniform kernel

‘\_/' K(w7 ml)
Normal kernel

B
\’J K(z,z') = cexp (%Ilw—m’|\2>

Radially symmetric kernels

c lze—2'|?* <1
0 otherwise




DATA DENSITY ESTIMATION

(X=%; )2

Assumption: data are sampled from underlying p(x|x)=Ce 27

probability density function (PDF)

"o ... . -Gaussian kerel
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Data points in R




DATA DENSITY ESTIMATION

X

Assumption: data are sampled from underlying . v . % \;H/ p(x1x)=K(x—x;)

probability density function (PDF) - —
o't e .. o -(General kernel

P(x)~P(x|D) S TR
= PXIX)+-o+ p(x I x,) B " e
ZEZK(X_Xi) v .-’ ' % -. e

n

* Bandwidth is too small.

Data points in R



DATA DENSITY ESTIMATION

X

Assumption: data are sampled from underlying ! \;H/ p(x1x)=K(X=x)

probability density function (PDF)

- General kernel

~ p(XI%)+-+ p(xIx,) andwidth is too big.

=%ZK(x—xi)



MODE-SEEKING ALGORITHM

Assumption: data are sampled from underlying i % \,;_,/ p(x|x_):Ce‘(xz_aXi2)2
probability density function (PDF) -~ S :

E Gaussian kernel
P(x)=~ P(x|D)
= P(XIX)+--+ p(xIx.)

1 (%)’
==CYe *
n-=5

X" =argmax P(x)

X

-
L

Data points in R"



MODE-SEEKING ALGORITHM

Assumption: data are sampled from underlying i % \,;_,/ p(x|x_):Ce‘(xz_aXi2)2
probability density function (PDF) -~ S :

E Gaussian kernel
P(x)=~ P(x|D)
= P(XIX)+--+ p(xIx.)

1 (%)’
==C>e
n =

X" =argmax P(X)

-
L

Data points in R"



MODE-SEEKING ALGORITHM

X" =argmax P(X)

VP(x)=0

Weighted mean Shift




MODE-SEEKING ALGORITHM

X" =argmax P(X)

VP(x)=0

(x=x)?
252
2.x(e
i
new 2

_(X_Xi)
e 20°



. ’ Point of interest
P




Point of interest







Properties of mean shift

 Determines the step length of mean shift (adaptive gradient ascent).
 (uarantees convergence if the gradient of the kernel is a convex function.
 Requires no parameter except for the bandwidth.

 Detect multiple modes without knowing the number of modes



COMPARISON

Grid with weight
@ L
L
L

)?

(yx
p.(y)=CYe 2 5(b(x)-m)

Regular grid with weight

Data sample




HiIsToGRAM MATCH

t= to Maximize Bhattacharyya coefficient:

HEE_ y" =argmax p(y)
IIRainn

| |

|

|
| y
—: =argmax ) _./P,(Y)d,
y m
|




HiIsToGRAM MATCH
t=t

Ia

Maximize Bhattacharyya coefficient:

y” =argmax p(y)

y
=argmax ) /P, (Y)d,
y m

voly) =%Zme<y> pq';y)




HiIsToGRAM MATCH

t= to Maximize Bhattacharyya coefficient:
1 .,

:__ 1 _: = argmax > PV,
| |
V = — V
=t py) 2%’, P (Y) o (%)

yx)
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_l_l_ :%Z[ qm Z X _ e 252
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HiIsToGRAM MATCH

t= to Maximize Bhattacharyya coefficient:
= | | * — argmax
I_T in y gy ply)
H | i_H =argmax ) /p,(y)a,
y m
HEEEN .
q

Vo(y)=—2 2. VP, (Y) [—
t=t 2; Pn(Y)
L] (y-x )
_ C q
| A= S m (x. —y)e 27 5(b(x.)—m
| 2 m[ pm(Y)Zi: ( )
:_I_I__ C (y-x)°

| B—— :EZ(Xi—y)wie_ 20" \where W, =




COMPARISON

y* =argmax P(y)

y

VP(Y)= =5 X (% - y)[

(y=x%)
e 207

1



COMPARISON

i

y" =argmax p(y)

y

C _y=x)?
Vp(y)=EZ(X.—y)W.e 20

y* =argmax P(y)

(y—x%)?

y
VP<y>=§Z<xi - y)[e ]




NONRIGID TRACKING FOR BINARY IMAGE

Tracking window

t=t, t=t,
® ®
S oo
y
° W

q=[d G| p(Y)=[ Po(y) Pi(Y)]



NONRIGID TRACKING FOR BINARY IMAGE

Tracking window

t=t, t=t,
® ®
o—o *—»
2
® Y o @

q=[d G| p(Y)=[ Po(y) Pi(Y)]



NONRIGID TRACKING FOR BINARY IMAGE

Tracking window

t=t, t=t,
® ®
o—o oo
® );P.
®

q=[d G| p(Y)=[ Po(y) Pi(Y)]



NONRIGID TRACKING FOR BINARY IMAGE

Tracking window

t=t, t=t
® ®
*—O *—9©
® o 690
y
®

a=[0 G|




NONRIGID TRACKING FOR BINARY IMAGE

Tracking window

t=t, t=t,
® ®
o—o y —
® *—
y
®

a=[0 G|




NONRIGID TRACKING FOR COLOR IMAGE

Tracking window

t=t,
® ®
*—O
®
Discretized color histogram

q=[q - 4]



NONRIGID TRACKING FOR COLOR IMAGE

Tracking window

t=t, t=
® ®
*—O ®
. e
®
a=[a, - q,] p(y)=[puy) - Pa(y)]
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