Global Motion Estimation

Bergen et al . .
— affine transformation * Appllcatlons

Mann & Piccard — Removing camera

~ Homography, jitter/motion

— Bilinear,

— Pseudo Perspective — Moving object detection
Global Flow — Mosaic generation
Registration — Geo registration
Alignment

— Tracking

Motion Compensation
Parametric motion estimation
Warping



KLT Tracking

Lecture-10



Tracking

* Tracking deals with estimating the trajectory

e of an object in the image plane as it moves
around a scene.
— Object tracking (car, airplane, person)
— Feature (Harris corners) Tracking
— Single object tracking
— Multiple Object tracking
— Tracking in fixed camera
— Tracking in moving camera
— Tracking in multiple cameras



Tracking A Single Point




Tracking Bounding Boxes




Tracking Object Contours




Multiple Fixed & Overlapping Cameras
Tracking

Cameral Camera3




Multiple Fixed & Non-Overlapping Cameras
Tracking




Tracking In Moving Camera




ECCV-2012

e Hamid lzadinia, Imran Saleemi, Wenhui Li and Mubarak
Shah, (MP)2T: Multiple People Multiple Parts Tracker,
European Conference on Computer Vision 2012, Florence,
Italy, October 7-13, 2012. [Video of Presentation]

— http://www.youtube.com/watch?v=YhyMcWnJf9g&feature=plcp

e Amir Roshan Zamir, Afshin Dehghan and Mubarak Shah,
GMCP-Tracker: Global Multi-object Tracking Using
Generalized Minimum Clique Graphs, European Conference
on Computer Vision 2012, Florence, Italy, October 7-13,
2012. [Video of Presentation]

— http://www.youtube.com/watch?v=f4Muuld7NhA&feature=plcp
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Person Tracking




Frame-1 Frame-2 Frame-3 Frame-4 Frame-n




KLT(Kanade-Lucas-Tomasi) Tracker

Frame-1 Frame-2 Frame-3 Frame-4 Frame-n




Simple KLT Algorithm

. Detect Harris corners in the first frame

. For each Harris corner compute motion
(translation or affine) between consecutive

frames.

. Link motion vectors in successive frames to get a
track for each Harris point

. Introduce new Harris points by applying Harris
detector at every m (10 or 15) frames

. Track new and old Harris points using steps 1-3.



KLT Results




KLT Results
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KLT Results

Lucas-Kanade Feature Tracking




KLT Results




KLT Results




How to estimate alighnment?






Basic Set of 2-D Transformation

B _E_“EH
.1"‘ / e projective E

translation

_—r
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Richard Szeliski, "Computer Vision: Algorithms and Application".




Summary of Displacement Models
(2-D Transformations)

Translation X =x+b,
J" =)+ bz
Rigid .
x'=xcos@—ysin@+b,

y'=xsinf+ ycos@+b,

Affine x' =ax+a,y+b,
y' =a,x+a,y+b,

o ax+a,y+b,

Projective  cx+cy+1
,  a;x+a,y+b,

cx+c,y+1

Bi-quadratic

X'=a +ax+ay+ax’+ay’ +a.xy

r 2 2
Yy =a; + dg.X + d,y + d X + a,y a,Xxy

Bi-Linear

/
X =a +a,x+a,y+a,xy

'
Y =das+aAgXx+a;y+ dg Xy

Pseudo-Perspective
X'=a, +a,x+a,y+a,x’ +axy

’ 2
y = 616 +a7x+a8y+a4xy+asy



+b, o
X
I 0 5 W (x; ):A]ZX3
W(x;p){o ) b}y )=
L
o X
W(x;p)=[R]t]2X3 Y W(X;P)Z[H]sm
|

W(x;p)= [SR | t]2X3

—_ o H|




Displacement Models Parameterizations

Homogenous coordinates

Translation x'=x+b, —

y'=y+b, [ x|
Wx;p)=(x+b,y+b,) W(x;m{l X ﬂy

Rigid I
x'=xcos@—ysin@+b, o —so n1"

y' =xsin@+ ycosd+b, W(X;p)_[sﬁ o b f]

W(x;p)=(xcos@ —ysin@+b,xsinf+ ycosf+Db,) x
W(x;p)= [R‘t]zxs Y

’_

X' =ax+a,y+b, 1
! X
—a.x+a,v+b L a, b

Y 3 T W(x;p)= {a ; b }[y

d; d 2 )

wx;p)=(ax+a,y+b,a;x+a,y+b,)
W(x;p) =4, 5| ¥

Affine



Transformation Matrix # DoF | Preserves [con
translation [I ‘ t|, . 2 orientation
12X
rigid (Euclidean) { R ‘ t L \ 3 lengths O
>
similarity { sR ‘ t ] 4 angles WP
2x3 ' hl
affine [ A, 6 parallelism [
22X
projective [H L , 8 straight lines [ ‘
2 T

Richard Szeliski, "Computer Vision: Algorithms and Application".




Derivative & Gradient

Function: f(x)
df

Derivative: f'(x) = o x 1s a scalar
x

Function: f(x,,x,,...,Xx )

Gradient:Vf(xl,xz,.,,,xn):(af 6f. 9

2 2¢°*°*>
ox, Ox, Ox,



Jacobian

F(x,xy,....x,)=fi1(x,%y,...,X,), [5(X, X000 X,)sees [, (X, X5,...,X,))

Vector Valued Function

Derivative?
E—
OX, ox,
J(F)= OX, Ox,
s le Gxn - Carl Gustav Jacob Jacobi

10 December 1804 —
18 February 1851



Displacement Model Jacobians

Translati

ranslation Wx;p)=(x+b,y+b,) a_W‘?
8W_|:1 0:| P

Rigid o 01

W(x;p)=(xcos@—ysin@+b,xsinf+ ycosf+Db,)

ow |1 0 —xs0-ycH
EZ{O 1 xcé’—ys@}
Affine
wx;p)=(ax+a,y+b,a;x+a,y+b,)
ow |1 0 x y 0 O
Ez[o 1 0 0 x y}



Parameters Yy

Jacobian J

10
(te,ty) 0 1
1 0 —spx —cpy
(tz, Ty, 0) 0 1 epr— sgy
102 —y
(tz, ty, a,b) 01y =x

(tz, ty. aoo, ao1, 10, @11)

|

1 0 =

y 0 0

0100 =z wy

|

Transformation Matrix # DoF | Preserves [con
translation [I ‘ o, . 2 orientation
daXx
rigid (Euclidean) [ R ‘ t ]Q \ 3 lengths <>
.
similarity [ sR ‘ t ] 4 angles P
23 ' v
affine [ A 6 parallelism / /
42K
projective [I:I L X 8 straight lines [ ‘
ol T

Richard Szeliski, "Computer Vision: Algorithms and Application".

(hoo, hot, - . -, hat)

(see Section 6.1.3)




Warped

FiW (e p))

-

Finding Alignment

mie
p % n m
m R ’ ; 3 : ) vT: TT“ %
Wix p|

P
Parameter Updates i
Inverse Hessian

Steepest Descent Images

T

S0 Parameater Updates
o !

T, ?Tl',‘li' ITWix:p)) — Tix]| Baker et al, UCV, 2004




Finding Alignment
Find P s.t. following is minimized

> LW (x;p) -T(x)T

X

Assume initial estimate of P is known, find Ap

Z[{(W(x;p + Ap) FT(X)T

X

Find Taylor Series

S LW (x;p)) + V]%—V;Ap ~“T(x)] vi=|1, 1,

X



Z[[(W(x;p))JrVI%—z/Ap TF

X

Differentiate wrt AP and equate it to zero

T
ow ow
2 VI— | [I(W(x; +VI—Ap —T(x
Z{ ap}[((p)) o (x)]
And equate it to zero to find

2Z{w —} [I(W(x; p))+VI %—;V Ap—T(x)]=0

Ap = H‘vz{w ‘;ﬂ [7(x)— IV (x; p))]

w-x ] v

ap



Hessian for Translation Motion

H™' = g{w a—Wﬂw 8—W}

op op aW_F O}
] _ op |0 1
(@) au ’
Ox ox 0y
orol (orY vi=|i, 1]
| oxdy \ oy

Harris Corner detector



Algorithm (KLT)

Ap = H_IZ{W %—Z} [T(x) = 1(W(x:p))]
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Algorithm (KLT-TBaker et. al.)

ow

Ap = le[w 5} 10V (x:p)) = T (x)]

Warp 7 with W(x:p)
Subtract 7 from [ [1(w(x:p))-T(x)]

Compute gradient VT
Evaluate the Jacobian =
Compute steepest descent VT%
Compute Inverse Hessian H™

Multiply steepest descend with error
Compute Ap APZH_IZ[
Update parameters pop+Ap

Z{W%—ﬂ LV (x:p)) - T(x)]

VTa—W} L0V (x:p)) ~ T(x)]
op



LN W RE

Algorithm

Ap=H" Z{wa—w} [7(x) — 1OV (x;p)]

op

Warp 7 with w(x;p)
Subtract 7 from 7 [7(x) - 1(W(x;p))]
Compute gradient VI
Evaluate the Jacobian 2

op oW
Compute steepest descent M=
Compute Inverse Hessian H™
Multiply steepest descend with error Z
Compute Ap

Update parameters p—p+Ap

W(x;p)

{wg} [7(x) ~ 107 (x:p))]



. T
Ap:H‘IZ[VT %} @ Ep)-T™]  Ap=H" {VI %W} [7'(x) = 1(W (x;p))]
X X p

H™' = Z{w a—W}T {w a—W}

N op op

10 x » 00
- 00 x y

Baker et al, 1ICV, 2004.

Ey[WTET (1wl p)) — 7))



Comparison of Bergan et al & KLT
D X f) X pa==Y X" £ f,

Bergan

| . oW ow
Ap=H" 2Z[w }[T(x) I(W(x; p))] H zg{w g} {W 5}

HAp = Z{w } [7(x) = [(W(x: p))] KLT

{ {w} [w ‘ZPH Ap = Z[WZH [T(x)—1(W(x;p))]

Homework

—ow! oW ow'’
N — VIVI' —/—A —VITx I(W(x;
22 o p = Z o [7(x)—1(W(x; p))] LT
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Implementations

e OpenCV implementation :
http://www.ces.clemson.edu/~stb/klt/

e Some Matlab implementation:
Lucas Kanade with Pyramid
— http://www.mathworks.com/matlabcentral/fileexcha
nge/30822

— Affine tracking :

http://www.mathworks.com/matlabcentral/fileexcha
nge/24677-lucas-kanade-affine-template-tracking

— http://vision.eecs.ucf.edu/Code/Optical Flow/Lucas%
20Kanade.zi




