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Content Exercise 1

* Organisation:

— Exercises are not mandatory for exam participation
— Complete solutions will be provided on L2P

* Question 1: Generalized Lucas-Kanade Tracking
— Lucas-Kanade Optical Flow
— Basic LK Template Tracking
— Generalized LK Template Tracking

* Question 2: Kalman Filter
— Constant velocity model
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Q1 a) Lucas-Kanade Optical Flow

* Given: two sequential input images I at different time steps ¢ and ¢-1
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Q1 a) Lucas-Kanade Optical Flow

Display flow as color map:
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Q1 a) Lucas-Kanade Optical Flow

 Brightness Constancy Assumption:

I(x,y,t=1)=I(x+u(x,y),y+v(x,y),t)

* First order Taylor approximation:

I(x,y,t =)= I(x,y,0)+1 -u(x,y)+1 -v(x,y)

Qs

Spatial derivatives Temporal derivative

* Rearranging:
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Q1 a) Lucas-Kanade Optical Flow

* Solve for u and v: U p O

Spatial derivatives Temporal derivative

Iy = I(z,y,t) — I(x,y,t — 1)
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Q1 a) Lucas-Kanade Optical Flow

« Spatial coherence constraint:

* Pixels in n x n neighborhood move the same. Here n=5.

0= Ii(p;) + VI(p;) - [u v]

- L:(p1)  Iy(p1) | - Ii(p1) |
I:(p2)  Iy(p2) l u ] _ _ | 1(p2)
: : v :
| Ix(p2s) Iy(p2s) Ti(p2s)
A d=b
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Q1 b) Lucas-Kanade Optical Flow

* Apply color map to estimated optical flow vector
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Q1 c¢) Lucas-Kanade Template Tracking

* Replace 5x5 window with user-specified template window
« Compute flow-vector per template, not per pixel!

-
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Q1 c¢) Lucas-Kanade Template Tracking

» Replace 5x5 window with user-specified template window
« Compute flow-vector per template, not per pixel!
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Q1 c¢) Lucas-Kanade Template Tracking

« Sum over pixels inside template-window

* Taylor expansion
E(u,v) = Zx :I(:z: +u,y+v) — Tz, y)]2

~ 3 [1(x,y) + ul(z,y) + vI,(z,y) — T(z,y)]”

=3 [ul:(z,y) +vI,(z,y) + D(z,y)]" with D=T—T

2 LlI][u _Z I,D Solve via
Z LI, I ||lv|™ I,D| T least-squares

X X
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Q1 c¢) Lucas-Kanade Template Tracking

* |[terative LK Refinement:

— Compute flow between previous template position and current template position.
— Refined by recomputing flow between on warped previous template position and

current template position.
t-1 ¢ t

— Repeat until convergence.
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Q1 c) Lucas-Kanade Template Tracking

* Problem: Assumption of pure translation for all pixels in a larger window is
unreasonable for long periods of time.
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Q1 d) Generalized LK Template Tracking

* Problem: Assumption of pure translation for all pixels in a
larger window is unreasonable for long periods of time.

» Solution: Allow arbitrary template transformation-model
instead of only pure translation.

// Only tranglation (u,v)

E(u,v) =), [I(:z: B u,‘y +v) = T(z, y)]2

l General transformation

E(p) =¥, [I[(W((z,y);p) — T([z,y))]*
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Q1 d) Generalized LK Template Tracking

Translation Affine Perspective 3D rotation

[I(W([:E y] p)) T([x y] ' . .
\ / 2 unknowns 6 unknowns 8 unknowns 3 unknowns

parameters p of transformation W

are unknown
A
" N Pmu\m e
translation
/'

Euchdean nnm
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Q1 d) Generalized LK Template Tracking

« Here, motion model: Rotation © + Translation t = (¢,¢,)
« 3 parameters

W([z,y]; ©,tx, ty) = [sinG

X
cos® —sin® ty
cos© ty )1,

* Jacobian

OW 1 0 —xsin® —ycos©
dp |0 1 xcos© —ysin®

Details: S. Baker, |. Matthews. Lucas-Kanade 20 Years On: A Unifying Framework. In
IJCV, Vol. 56(3), pp. 221-255, 2004. “The Inverse Compositional Algorithm”

M.Sc. Francis Engelmann, Dr. Joérg Stlickler

Computer Vision 2 - Exercise 1 - GKLT & KF ( ® ’ ‘ R " I I I




Q1 d) Generalized LK Template Tracking
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Q1 e) Generalized LK Template Tracking
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Q1 e) Generalized LK Template Tracking
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Q2: Kalman Filter Tracking

» Constant Velocity Model
» State vector x = [px, py, Vx, Vy]’

AR

Vigible in frame Hidden, not vigible
in smgle frame

* Dynamic model matrix D
* Predict next state x.+; based on current state x:

 Measurement matrix M
— Extract the visible components from the state vector x:
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Q2: Kalman Filter Tracking - Prediction

* General Idea: in each frame we have 2 steps

* 1) Prediction 2) Correction
e, - N -
@ — Dgrj K: = SyMT (MS;MT +5n,)
+ —~ £
—a sl T = x; + K; (yt — 1\/1(15, )
= DD +% ' ; -
‘ tSe-17 T Sde S = (- KMp)%;
Py 4
Predict
-~ - =
............ 7
v
» Px
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Q2: Kalman Filter Tracking - Measurement

* General Idea: in each frame we have 2 steps

« 1) Prediction 2) Correction
i, - B o
@ = Dgrf ;; Ki = SyMI (ME; M +5n,)
x. K4 -F B ' N
— S T r, = z; + Kt @) Mz,
: = D} Df + %4, t t ® ¢)

o5 o= (I-KM)XE;

L
“““““““
o %,
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: Kalman Filter Tracking - Measurement

Ll

e 2 steps
2) Correction

_5‘.:1

. . -1
Ki = SyME(ME; MT +2,)

z; = :1:{+KtM¢:1:t_)
o5 o= (I-KM)XE;
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Q2: Kalman Filter Tracking - Correction

* General Idea: in each frame we have 2 steps

* 1) Prediction 2) Correction
RN .. . -~ y—1
@ = Dgi K, = ;M (ME;MT +S,,)
_ PO * = z; + Kt @— I‘JQI;)
= D} ,DFf+% ; '
t t2—1 0t T 2dy Y7 = (I—-KM)E;
Predict
Correct
/ — ~— '4 Q‘
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Q2: Kalman Filter Tracking - Correction

/e 2 steps
2) Correction

— . -1
K = S;MT(ME;MT +5m,)

@ = :ct_+KgM¢:1:[)

5F = (I-KM)Z;

RWTHAACHEN
UNIVERSITY

Computer Vision 2 - Exercise 1 - GKLT & KF
M.Sc. Francis Engelmann, Dr. Joérg Stlickler



