


What Is Tracking?
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Tracking Applications: Parameters

Number of objects

Types of objects

Number of sensors

Types of sensors

Distance to sensor




Tracking Applications: Examples

body
motion
analysis

1 object, articulated, 300 pixels tall

10 objects, articulated, 150 pixels tall foot
traffic

analysis

bat census

100 objects, 15 — 30 pixels tall







Probabilistic Formulation












https://en.wikipedia.org/wiki/Markov_chain
https://en.wikipedia.org/wiki/Wiener_process










Target Dynamics



Discrete Time LDS

= Continuous model are difficult to realize

= Algorithms work at discrete time steps
= Measurements are acquired with certain rates

= In practice, discrete models are employed

Discrete-time LDS are governed by
z(k+ 1) = F(k)x(k) + G(k)u(k) + £(k)

= FcR™ x R™ s the state transition matrix
= G eR™ x R™ s the discrete-time input gain

Same observation function of continuous models

[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]
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LDS Example - Throwing ball

= We want to throw a ball and compute
its trajectory

= This can be easily done with an LDS

= The ball's state shall be represented as
}T

g‘

X:{:z;y:izy

= We ignore winds but consider the gravity force g

u= —g

= No floor constraints
= We observe the ball with a noise-free position sensor
T
2=[a y]

[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]



LDS Example - Throwing ball

Throwing a ball from s
with initial velocity v
Consider only the gravity
force, g, of the ball

State vector
X = {CE Yy x g)}
Initial state

T
on[sx Sy Vg ’vy}
Input vector (scalar)

u= —g

Measurement vector
T
z=|z y|

0 ‘ X

= Process matrices

10T O
_lo1oT
F'=10010
000 1)

T

G =]oZ% or)

= Measurement matrix

_[1 000
H_[c31oo]

[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]



LDS Example - Throwing ball

= Initial State
T
xg=|0 0 9 30

= NO noise

[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]
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LDS Example - Throwing ball

60 v v v v -
50
40
30
20
10

'
0 10 20 30 40 50 60

o System evolution X Observations

[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]



LDS Example - Throwing ball

= Initial State
xg=|0 0 9 30

It's windy and our sensor
is imperfect: let's add
Gaussian process and
observation noise

}T

(5.0 0 O

[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]
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LDS Example - Throwing ball
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[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]



LDS Example - Throwing ball

60 v L v v v
50
40 o X
\ H
30 “ )
X
20r @ x&
10 §
-
DS .
0 10 20 30 40 50 60

o System evolution X Observations

[ G. Grisetti, C. Stachniss, K. Arras, and W. Burgard, Univ. of Freiburg Course on Robotics & Target Tracking ]








https://en.wikipedia.org/wiki/Kalman_filter






















Problem:

data association
(partitioning of observations)

estimation of target tracks

Assumptions

7" =2 all obs.

A1: one observation comes
from one target or clutter

A2: one target yields zero or
one observation

A3: one target yields zero or
several observations

Z(k)= obs. current frame

Multiple-Hypothesis Tracking (MHT)

frame 1

a 9 e frame 2

z"={zQ),....,Z(k)}

wé{to,...,tM}

seek most probable partition

frame 3

partition

A A
= false alarms ¢, = track m



Multiple-Hypothesis Tracking (MHT)

Key idea: hypothesis tree 0 e

frame 1

parent k—1

w eASiS//l\pfl) current hypothesis 0 9
k k—1
@f @2 @5{ :{@p(l)’el(k)} G 9 frame 3

MHT integrates
— Track initiation and termination
— Track update with (or without) observation
— Accounting for false alarms
— Enforcement of assumptions (A1, A2)

frame 2

0,(k) = assignment [ at frame k @;(_11) £ Parent hypothesis



Hypothesis Probability

Given N frames, enumerate finite set of hypotheses

Compute probability for each element of this set

P{z(k)|0,(k),0% ). 2"}

p(1)?

P(@f |Zk> o<  P(currentobs. | current assignment)
P{o,(k) 0%, 2"}

o()?
X P(current assignment | parent hypothesis)
p{et )1z}

X P( parent hypothesis | prior obs.)



Probability of Observations given

Assignment
track, track, ;
1
et (@) € p{Z(k)|6,(k),0" ., 2"} =
\ My I\ r b=
frame 2 a e \ H (/\/, (Z(k) ’)7'1 [l]
- L l ) V
frame 3 a 9 ﬁ g =
obs false alarms
_ observations - uniformly
m, =2 are fromtrack§;  gistributed
=1 7,=0 independent Normally in obs. area V

distributed

A
m, = num obs. frame k



Probablllty of ASS|gnment (1)

track, track,

00 -

no assignment for £

Hypothesis 1

N

similarities:

2 false alarms

track, track,

QO O

_

Hypothesis 2

We can sum probabilities for these hypotheses !



Probability of Assignment (2)

track, track,
p(l)?
frame 1 G @ ¢'V' priors on
T Y number of
— W x | Hp (@) (V)

m, ! false alarms
o 0 @ e sum over similar hypotheses

& new tracks

8, 1-6, . 1—x,

m =3 =2 X[B)A=F) " (P)VA=P)"
=10 / prob. track ends

P{o,(k)|©F,), 2} =

X1 = 0 Xy = 0 product over all existing tracks prob. detection

A A 4 .
@ = num. false alarms ¥ = num. new trks. X; = 1 if trk.7 ends



Multi-Target Tracking

as Bayesian Clustering




Bayesian Clustering
0 ~ H (\)

T~ GEM (a)
cluster ‘
Indicators / o@

&,

Goal: sample from p(m,0|x,,...,Xxy,a,\)

§ £ cluster params. T = cluster weights v, \ : known, fixed



Modeling Infinitely Many Clusters

C e . mixture weights
How to model infinite mixture ? J

Via Dirichlet process mixture: p x|6,,0,,... Z Uy f
k=1
m ~ GEM(«) T,
3, ~ Beta(l,«) I
k1 Uy
Wk:ﬁkno_ﬁk) I

(=1



Key Densities

assignment all other assignments

p(Z; | 2,;,0)=

1 K .
ad(z. K +1)+ N_"0(z,,k
a+N—l[ ( : ) ; k ( >]
new cluster num. obs. for cluster k

p(xi |Zi :k,z\l.,x\l.,)\) :p(xi |{xf |Zf :k’jii}’)\)

obs. all assignments, other obs. obs. {obs.incluster k})



Sampling the Posterior Distribution

p ( assignment | all other assignments, obs. Oz,)\ ) X

p ( assignment | all other assignments, (¢ ) X

p ( obs. | all obs. assignments, p) )

Algorithm: Rao-Blackwellized Gibbs Sampler
— Given prior cluster assignments and cluster statistics

1. sample random permutation {1,...,N}

(a) For each obs. sample its cluster assignment
(b) Update that cluster’s statistics

2. delete empty clusters



Data Association as Clustering
x,(¢)=Ax,(t—1)+ Bu, (t —1)

time ° /

=2
o
N

' \ ¥, (1) = Cx, (1)
« V.
yl

p (obs | { smoothed track k} )

w, ()

cluster parameters

0, = [xk (0),u,(1),....,u, (T)]

p (obs| { obs in cluster k} ) =

k = trackid u ~ N(0,A ) w~ N(0,A ) A4,B,C :fixed



Assessment

time

time

true tracks

20,000
iterations

/" most
frequent
assignment



[Pfinder]




[Pfinder]
®0

(©)

Fig. 1. (a) Video input (n.b. color image, shown here in grayscale).
(b) segmentation. (c) A 2D representation of the blob statistics.

[ C.R. Wren et al., “Pfinder: Real-Time Tracking of the Human Body,” PAMI 1997 ]



[Pfinder]
oe

(c) (d)

Fig. 3. (a) Chris Wren playing with Bruce Blumberg's virtual dog in the ALIVE space. (b) Playing SURVIVE. (c) Real-time reading of American
Sign Language (with Thad Starner doing the signing). (d) Trevor Darrell demonstrating vision-driven avatars.

[ C.R. Wren et al., “Pfinder: Real-Time Tracking of the Human Body,” PAMI 1997 ]












[Background Modeling]
©00@000000

Region Level

[ K. Toyama et al., “Wallflower: Principles and Practice of Background Maintenance,”
ICCV 1999 ]



[Background Modeling]
000®00000

Challenges of Finding Moving Regions

(& A homogeneous disk
movesto theright. Changeis
visible in the black regions
only (J.1 in text).

(b) The same thing happens
one frame later (J).

(c) Only the intersection
(J1 ™ J) iscertain to before-
ground in the middle image.

[ K. Toyama et al., “Wallflower: Principles and Practice of Background Maintenance,”
ICCV 1999 |



[Background Modeling]
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Comparison to Prior Methods

Test Image

E
Chair ~ Light Light  Tree  Foreground Noclean Interior
moved gradually  just Waving covers  background motion
brightened  switched monr siniog undectable

on
deal
Foreground
Adjacent
Frame
Diflerence
Threshold

Vean &
Covaranee [10]
Mixare of

Gaussians |3]

N

ntn m “-mﬂm m
Do 4 L [ ﬁ' =l Hm

Bayesian
Decision [§]

Linear
Prediction
[this paper]

Wallllower
[this paper]

[ K. Toyama et al., “Wallflower: Principles and Practice of Background Maintenance,”
ICCV 1999 |



[Background Modeling]
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[ I. Haritaoglu, D. Harwood, and L.S. Dauvis, “W?*: Real-Time Surveillance
of People and Their Activities,” PAMI 2000 ]



[Background Modeling]
000000800

W* System

RN . GHOST____ . BACKPACK _____ .
i | i ! ! '
1 | | Posture | Standing ' iodi
i Vel | e Standing_! | Symmetry Periodicity | !
| i_Single_; ‘ Analysis ™| Analysis Analysis | |
! Person | i I i
i | i I ! i TRACKING
A | TRACKING
i ' | ' 1 ! !
] \ | 1Not Carrying Object Carrying Object ! '
Background | 1 2 1 U BodyPat | ! 1| Motion !
P i
Model I i | Detection [t | Model |!
O ] ! ' '
1 =] I 1 ' ! !
- . ] ' !
g  —
- P HYDRA _________. i Appereance | !
- i i V| Model |1 >
Foreground Log ﬂm‘!;) ! Head Person H | |
Detection LE I| Detection Segmentation | ! ' '
i ) i i ' |
i ) i i | 1
1 ' N e ' V| Trajectory ||
1 | 1| Recovery |1
1 I H
' ' Other (non-people) ! |
1 5 S ’
i |
i i
i |
| |

[ I. Haritaoglu, D. Harwood, and L.S. Davis, “W*: Real-Time Surveillance
of People and Their Activities,” PAMI 2000 ]



[Background Modeling]
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[ I. Haritaoglu, D. Harwood, and L.S. Dauvis, “W?*: Real-Time Surveillance
of People and Their Activities,” PAMI 2000 ]



[Background Modeling]
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Y Projection %_ — Y Projection

Freq: 15.0
Conf: 100

Freq: 17.9
Conf: 98

[ I. Haritaoglu, D. Harwood, and L.S. Davis, “W?*: Real-Time Surveillance
of People and Their Activities,” PAMI 2000 ]






























RJ MCMC Model Selection (1)
M,

M,

AN

pm,x |2),x X
M M M m=1,..M

product RJ MCMC
space

Carlin & Chib, Bayesian model choice via MCMC, Journal of the Royal Statistical Society

1995



RJ MCMC Model Selection (1)

- e =
expand BRI compare g

p.(x,12) p,(x,12)
Incomparable

X 2 XUy S (s (Bt )) = (300, | U ~ G (175 ,)

A

A = min;l, P(m,x;> y q(n|m) y G (umn | m,x;)
p(n’xn) Q(m | n) Gy sm (unm | n,xn)

><‘J -

n—m

A - : :
u, , = auxiliary var. with proposal density 4, ., ¢l

Jacobian

J,|& det.of



RJ MCMC Example

RBF regression

how many kernels?

n T Hag

RJ MCMC moves: merge split birth death

'u:ﬁh"',“z

2 lu’l — K 6un,m lu’2 =K T /Bun,m u”am - Z/{[O’l]

1 1
klk+1)=— k+1k)=— A
q(k | ) ) q( | k) k pz

1 1}
-5 B





