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The Tracking Problem

Image 1 Image 2 Image 3 Image 4
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¢ Can we estimate the position of the object?
¢ Can we estimate its velocity?
o Can we predict future positions?
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The Tracking Problem

¢ Given Sequence of Images
¢ FInd center of moving object
¢ Camera might be moving or stationary

« We assume: We can find object in individual
Images.

¢ The Problem: Track across multiple images.

¢ Is a fundamental problem in computer vision
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Example: Moving Object
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Kalman Filter Tracking
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Particle Filter Tracking
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Mixture of KF / PF (Unscented PF)
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Example of Bayesian Inference

Caexti spodrbdel
cpsttiagtew athif staimcase)= $1,000
p(staircase) cpstiagew alk {tairstaincase)= $0

_ t + =91
=(.28 cgsng/sllro% r%eelzﬁ%)prl%r

p(staircase) = 0.1

Baygesan ThiEvence
P(davr@ase hisdkge) = $1,000 o 0.28 = $280
Eicost(slpﬁmggé)qtaigcmsse) p(staircase)

p(im | stair) p(stair) + p(im | no stair) p(no stair)
=0.700.1/(0.70.1+0.2¢0.9)=0.28
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Bayes Filter Definition

¢ Environment state x;
¢« Measurement z,

g Can we calculate p(x; | z, Z,, ..., Z,) ?
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Bayes Fllters IIIustrated

Sebastian Thrun and Jana KoSecka CS223B Computer Vision, Winter 2007



Bayes Filters: Essential Steps
g Belief: Bel(x,)

« Measurement update: Bel(x,) < Bel(x,) p(z,|x.)
g Time update: Bel(x,,,) <« Bel(x,) ® p(X;1|uU.X)
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_ X = s_tate
Bayes Filters r =time
z = observation
u = action
77 = constant

Bel(xt) — p(xtle..t’uO..t)
— p(’xt |Zt,ut_1,Zt_11- . ‘luO)

Bayes

= NPz %0 017450 12) PG U012, 451 - 2)
Markov

= npz|x) px v,z . .2)

— 77P(Zz xt) J'p(‘x’;,‘ |xz—1’ut—1’ . "ZO) p(xt—l | ut—l’ e "ZO) d)§—1
Markov

= 71 p(z|x,) jp(xt | x, ot y) P(X |z 0,5 ug) dx,
= 7plz,1%) [ Pl 1% 4.14.2) Bel(x, 1) d
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x = state

Bayes Filters ; == :)il;nseervation
u = action

Bel(x) = npz|%) | Px|x 1) Bellx.) dx,
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Bayes Fllters IIIustrated
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Bayes Fllters

o Initial Estimate of State

g lterate

— Receive measurement, update your belief (uncertainty
shrinks)

— Predict, update your belief (uncertainty grows)
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Particle Filters: Basic ldea

px)

X

N setofn particles X,

pxeX) = plx|z,)  (equality for n To)
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Particle Filter Explained
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Basic Particle Filter Algorithm

Initialization:
X, < n particles x, 1~ p(x,)

particleFilters(X, ; X

for i=1 to n

x, i~ p(x, | x, 1) (prediction)

wlil=p(z,| x 1) (importance weights)
endfor
for i=1 to n

include x,in X with probability oc wll  (resampling)

P |z 00,) = npE]%) (e luns) plalz o o) dis

px eX) =~ plx|z . ,)
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Particle Filter

SamplingZ

By Frank Dellaert

Sebastian Thrun and Jana KoSecka CS223B Computer Vision, Winter 2007



Case Study:
Track moving objects from Helicopter

Harris Corners

Optical Flow (with clustering)
Motion likelihood function
Particle Filter

Centroid Extraction

a A W b F

David Stavens, Andrew Lookingbill, David Lieb, CS223b Winter 2004
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1. Harris Corner Extraction

David Stavens, Andrew Lookingbill, David Lieb, CS223b Winter 2004
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2. Optical Flow + Motion Detection

David Stavens, Andrew Lookingbill, David Lieb, CS223b Winter 2004
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3. Motion Likelihood Function

David Stavens, Andrew Lookingbill, David Lieb, CS223b Winter 2004
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4. Particle Filters

David Stavens, Andrew Lookingbill, David Lieb, CS223b Winter 2004
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5. Extract Centroid

David Stavens, Andrew Lookingbill, David Lieb, CS223b Winter 2004
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More Particle Filter Tracking
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David Stavens, Andrew Lookingbill, David Lieb, CS223b Winter 2004
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Some Robotics Examples

Tracking Hands, People
Mobile Robot localization
People localization

Car localization

Mapping
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Examples Particle Filter

Siu Chi Chan McGill University
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Another Example

Mike Isard and Andrew Blake
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Tracking Fast moving Objects

HWB. —ABtake
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Particle Filters: lllustration

With: Wolfram Burgard, Dieter Fox, Frank Dellaert

px eX) = plx |z ,.u
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Particle Filters (1)
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Particle Filters (2)
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Particles = Robustness

1 4.

[ | =pd

X |
'.I

1' : ; ﬂ . X
e

Sebastian Thrun and Jana KoSecka CS223B Computer Vision, Winter 2007



Tracking People from Moving Platform

e robot location (particles)

e people location (particles) _ _
o laser measurements (wall) With Michael Montemerlo
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Tracking People from Moving Platform

HE&

e robot location (particles)

e people location (particles) _ _
o laser measurements (wall) With Michael Montemerlo
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Particle Filters for Tracking Cars

With Anya Petrovskaya
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Mapping Environments (SFM)

With Dirk Haehnel
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Tracking with KFs: Gaussians!

Initial estimte prediction  measurement update

Vi Vi Vi Vi
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Kalman Filters

px) ~ Mus2)

o) o exp{—% (x—u)Trl(x—u)}
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Kalman Filters

p(x|z) < p(z]|x)p(x)

posterior

Measurement

evidence prior

>

p(x)=[ p(x'|x) p(x) dx
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A Quiz

p(x|z) o« p(z|x)p(x)

Measurement
evidence
/\ /\prior

posterior?
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Gaussians 1

Univariate
p(x)~N(u,0%):

1 _l(x_,u)z

2 o2

p(X) — \/ZG e - -

Multivariate
p(x)~ N(pX):

1 ) =7 ()
p(X) — (27[)61/2‘2‘1/2 €
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Properties of Univariate Gaussians

X ~N(u,0%)

— Y ~N(au+b,a’c”
Y=aX+b } (ap )

Xy~ N(ﬂ1’512)
X, ~ N(qu,(fzz)

2 2
1
}jp(X1)p(X2)~N[ > 2/u1+ 2 21“2’ ) zj
O-l +O_2 Gl +02 Gl +02
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Measurement Update Derived

2 2 2
Xl N(lLll’Gl 2) _— p(Xl) p(XZ) — Const..exp _E (x_lell) _i (x_IL;Z)
X, ~N(u,,0,) 2 o 2 o,

Q{ 1 (x—pa) 1@} _ x— i

x_

L) 1 fo | X4
ox o} o
1 2

= 0 (for new u)

(=)o, +(u— )0, = 0

2 2 2 2
ploy +0,") = wo, +u,0,
2 2
u = Oy + 10,
o +0,
) Ll-pm) 1h-p)| _ 2, -
25 2 5 2 = 0, +0,
ox 2 o 2 o,
1
o= — -
o, +o,
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Properties Multivariate Gaussians

Essentially the same as in the 1-D case, but with more general notation

X ~N(u,X)

= Y ~N(Au+B,Ax4")
Y=AX +B

X~ N(/ulizl)

X, ~ N(ﬂZIZZ)} = p(Xy)-p(Xe) ~ N((zl + 22)_122;% +(Z, + 22)_121/12, (21_1 + 251)_1>

¢ We stay in the “Gaussian world” as long as we start with Gaussians
and perform only linear transformations.
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Linear Kalman Filter

Estimates the state x of a discrete-time
controlled process that is governed by the
linear stochastic difference equation

x, =Ax_,+Bu, +¢,

with a measurement

z, =Cx, +0,
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Components of a Kalman Filter

A

4

Matrix (n x n) that describes how the state
evolves from ¢ to ++1 without controls or
noise.

Matrix (n x 1) that describes how the control
u, changes the state from ¢ to ¢+1.

Matrix (k x n) that describes how to map the
state x, to an observation z,.

Random variables representing the process
and measurement noise that are assumed to
be independent and normally distributed
with covariance R, and Q, respectively.
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Kalman Filter Algorithm

1. Algorithm Kalman_filter( u,;, .1, Uy, Z)):

2. Prediction:

3. H, = At:ut—l +Bu,

4 %, =43, A" +R

5. Correction:

6. K, =%C/(CzC/+0)"
r. H, :lut+Kt(Zt_Ct/ut)

5 3 =(I-K.C)x

9. Return p, %,
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Kalman Filter Updates in 1D

oz | measurement
T belief ) T l
/ belief
L /
new belief
c
5
£
g
3
)
(]
5]
g
=T old belief i
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Kalman Filter Updates in 1D

with K, = —;
o +Gobs,t

=u+K(z,—u
bel(x,):{ﬂt i { t_zﬂt)
Gz — (l_Kt)O-z‘ {
=u+K(z -Cu . = =
bel(xt) _ /ut :ut z( t _t/ut) Wlth K; _ thzT (Ctle;T +Qz)_l
2, = (]—KtCt)Zt
new belief
£
2
008 |- old belief ’
7
"o E = = ®  (CS223B Computer Vision, Winter 2007




Kalman Filter Updates in 1D

Casuremg,

new belief

old belief

H, _atﬂt 1+b“

bel(x) { ,
G =aol+o.,,
o L =A + B,
bel(x,) = H =AM i U,
Zt AtZt 1A -I-R

0z T
new belief

newest belief

o°\.




Kalman Filter Updates

s T T T T T s T T T T T
ozl - oz _
sk 4 015 _
belief
o1 i ok
oos | i 005 |-
[u] 1 1 L 1 0 1
o 5 10 = 20 = =] a 5
s T T T T T ks T T T T T
B - oz .
" latest belief
sk 4 oisf 4
measurement
adl b belief i at L belief ™, i
oos | i oS | 4
fu} 1 1 ' 1 1 — Q 1 1 1 1 1 -
o 5 10 = 0 = 20 o 5 10 = 0 &5 20

— e e == === = " e mE wEE R wms mwr s wms rww = ww w—— — w—= w CUI—I—UI—I VUIIIPML\II VIDIVILy VVIIItVl vwviI



The Prediction-Correction-Cycle

-

Prediction
/'Tt = at/ut—l + b u
bel =
e (xt) O_—tz _ atzo_tz 4 o2
u, = A + B
bel (xt) — _lth tlthfl ; u
X, = 4,2, /A, + R
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The Prediction-Correction-Cycle

g g
= =
I I
RS RS
™Mo Q I
[ X
+ = +
= -
Ol
9
a =
= ~
.‘w |
Il Q
M| ~
) 19
N&] q
NQ Q‘N
M|
o
4
+
©
~
iz §

! (I_KtCt)Zt ' 00 IS 0 el =1 a0

Correction J
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The Prediction-Correction-Cycle

Prediction
=u +K -u 52 u. =
L R el (x,) = 1 2y T Ot
O-t = (1_Kt)at O-t +O—obs,t ! O-_tz = atzo-t2 + O-azct N3
ﬂt=E+Kt(Zt_CtE) 5 T 5 T -1 7 /'th At:ut—1+Btut
bel (x,) = Mk, =x.cl(c,z.cl+0, bel (x,)=4{=
: { L, =(I-KC)Z ( Q.) (x) .= 4,2, 4] + R,

Correction
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Kalman Filter Summary

o Highly efficient: Polynomial in measurement
dimensionality k and state dimensionality n:
O(k2-376 + n2)

o Optimal for linear Gaussian systems!

o Most robotics systems are nonlinear!
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Let's Apply KFs to Tracking Problem

Image 1 Image 2 Image 3 Image 4

P2 P2 P2
e e @ e e e
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Kalman Filter with 2-Dim Linear Model

¢ Linear Change (Motion) Q7
. CD\
x'=Ax+ B+ N(0,R) \N‘(\a‘\s )
T )l
0 1 0 0 ,02
o Linear Measurement Model
Q"
z =CQD+N(O,Q) \N‘(\a“\s A, P’
1 O 0 o’ 0
SNIESHES S
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Kalman Filter Algorithm

B W

© N O

Algorithm Kalman_filter( u,;, .1, Uy, Z)):

Prediction:

ﬁt = Atlut—l T Btut A= [1 O] B = (Oj R = ,02
> =AY A +R 01 0 0

t—t-1

Correction:

K, =xC'(Cz.Cl+0)"
H, = H, +Kt(Zt__ Cz:ut _D)
>, =(I-K,C)Z,

t 1 0 0 o?
Return p, =, C= 0 1 D= 0 0= 0 o2
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Kalman Filter in Detall

Measurements z =x+N(0,R)

q
¢ Change x'=x+N(0,0)
g Prediction Y = 2+0 u' = u
« Measurement Update 3" = (x*4g%["
g = paZ R =)

initial position prediction  measurement update
Yt A Vi v

’ @ D &
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Can We Do Better?
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Kalman, Better!

Initial position prediction  measurement update

.X.: A .X.:A .X.: A x A

/oSS

next prediciton

><V
><V

_’L

JU
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We Can Estimate Velocity!

@diction

/.

/.

. past measurements
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Kalman Filter For 2D Tracking

g Linear Measurement model (now with 4 state variables)

X
1 000 2
Yot | 7|+ N, R) r=|” °
y, )] \0 1 0 0)|x 0
y
¢ Linear Change
XY (1 0 Ar 0) (x 00 0 O
y'| [0 1 At |y 00 0 O
= + N (0, =
| |00 1 0]]x 0.9) Q 00 ¢> O
') {0 0 1)y 00 0 ¢°
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Putting It Together Again

1 000
a Measurements 2:( j;‘cq_N(O,R)

0100
10 At O
0 1 At
o Change 7= %+ N(0,0)
00 1 0
00 1
¢ Prediction > = X+COC"
uo= Qu

, 1
¢ Measurement Update % = [z +AR
po= ptI AR (z—Ay)
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Summary Kalman Filter

¢ Estimates state of a system
— Position
— Velocity
— Many other continuous state variables possible
¢ KF maintains
— Mean vector for the state
— Covariance matrix of state uncertainty
¢ Implements
— Time update = prediction
— Measurement update
¢ Standard Kalman filter is linear-Gaussian
— Linear system dynamics, linear sensor model
— Additive Gaussian noise (independent)
— Nonlinear extensions: extended KF, unscented KF: linearize
¢« More info:
— (CS226
— Probabilistic Robotics (Thrun/Burgard/Fox, MIT Press)
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Summary Kﬁfﬁﬁdaerf Filter

¢ Estimates state of a system

— Position

— Velocity and discrete

— Many other continMvariables possible
¢ KF maintains

— Mearrvectorforthestate—

— Covariance matrix of stateuncertainty— (example states)
¢ Implements

— Time update = prediction = predictive sampling

— Measurement update = resampling, importance weights
Kalman filter is linear-Gaussi
— Linear syste ics, li ensor model
— Additive G i ' ent)
Inear extensions: extended KF, uns
¢ More info: eq

_ CS226 SY to |

. . m'olement
— Probabilistic Robotics (Thrun/Burgard/Fox, MIT Press)

set of particles

fully nonlinear

F: linearize
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