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Distributed Localization of Cameras

Place wireless cameras around an environment
Need to know locations
Costly to measure locations



Distributed Localization of Cameras

If camera 1 sees person, then camera 2 sees person, learn
about relative positions of cameras

As person moves around, estimate positions of all cameras
3
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Distributed Localization of Cameras

a _ I
Want a solution:

e online
e distributed

* represents
uncertainty about
estimated locations

e.g. for active control

\_ /

If camera 1 sees person, then camera 2 sees person, learn
about relative positions of cameras

As person moves around, estimate positions of all cameras
5




Tracking with Kalman Filter: Estimation

posterior distribution prior distribution observation likelihood

p(My | Cy01:4-1,0¢) x p(My | C,01:4-1) X p(Ot; = o4 | My, C;)

FS

object location
camera poses

observations
posterior distribution:
evenarmcertarbain

£

C mera at

Image

kplown pose

Observation model:
p(Oy 4 | My, C;)

6

prior distribution over object location:
uncertain



Tracking with Kalman Filter: Prediction

/ osterior distribution motion model predicted distribution
pqM; | C,01:4—1,0¢) X p(Mygq | M) = p(Myyq1 | C,01:4)

t (prior at t+1)

My

y .
Motion model:

t t+1




Camera Localization: Estimation

Posterior distribution
In absolute parameters

camera SR
angle | N
T o
5 .
0 T
o 0
Yy 55 x

location _
Start with wide prior on C

Observe person at dist. d

— Camera could be
anywhere in a ring

unknown
camera pose

/

p(M;,C | 014) o p(My,Clo1:t—1) X p(Op; = o4 | My, C;)
— % — _ — _

~ ~ —~

.8
posterior distribution prior distribution observation likelihood



Kalman Filter uses a linear representation...
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Relative Over-Parameterization (ROP)

Intuition: a ring structure can be represented with polar coordinates
Not enough: Camera does not view person head on

Relative over-parameterization — position relative to location of person

1. Distance u, angle @
ROP 2. Lateral displacement v
Tnhe center — the unknown location of object

<’U,, ¢7 Qby mge, my>bu§lbn
polar coordinates —
Atmgqgt Gaussian!!
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Comparing parameterizations

best Gaussian best Gaussian

true posterior: _ _
approx. in x,y,0: approx. in ROP:

Standard
parameterization
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Test run on Tower Scenario
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standard parameterization

ROP with further improvements

(see paper)
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Donuts and Bananas on real data —
Network of 5 cameras
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Distributed Localization of Cameras

Goal: each camera estimates the location of itself and the object

p(M;, Cs | 01:¢) p(My,Cs | 01:¢)
6E E5

Want algorithm:
My, Cy | » efficient

1]
4 e robust to message
loss, node loss

* ROP lets us use a single
Gaussian

@t,ﬁ I§p(Mt,Cz | 01:4) « Challenges?
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Motion model introduces dependencies

- Motion model introduces
dependencies among
distant cameras

®» communication and
computation inefficiency

—
Estimation at t: <« p(Ot,l | My, C1)\x p(or2 | MtacD

X p(Myyq | My)

Prediction:

Estimation att+1:@t_|_1,2 | Mt_|_1,C2) X p(Ot_|_1’3 ’ Mt-l— D




Assumed density filtering

Intuition: only capture strong dependencies among cameras

based on [Boyen Koller 1998]
P8 = 2" )g{cy C6]6]\
fec)) (o))

k) (D
(1c, G

gl

Each cligue contains:
« Camera and its neighbor
* Object location 16
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Distributed Filtering: Initialization

1. Assign each clique to one
or more nodes

o O 1 M, C., C, 'quue to>1
5 obustness

., (Mc o) (M, C, )

- The nodes build a

kMtl C4I C5/ C6 71 C8 etwork |UnC(Mt, C3, C J
[Paskln et aI 2005

8 (Mt, Q;r Cs C4J e buildar Mt, C,, C3)

8 3 (_ansur_e_t3e flow of
1 2 M, Cy, G, pn
1 2
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Distributed Filtering: Estimation

Instance of Robust Distributed Inference [Paskin Guestrin, UAI 2004]

p(Mg, p(My, Ce, C7) P(My,Cs,C6) o1, 0t) 1. Each node starts with
prior over its clique
(M 0) (M, )

6 5
| 2. Nodes make
p(Mt>C6>C/7>C.8). 0t, 0t) p(Mt,C4,C5,C6)‘ Ot,Ot) observations
4
M., €5 C,\ CoF Mo Cu G, Cs
I g p N 3. Nodes communicate
(M, C,\ Cq) My €2 s, C, relevant likelihoods &

priors neighbors
p(Mi, C7,Cg) o1, 01) //pmt, O Cs.Ca | oyon)

4. At convergence:
condition on all
p(M¢, C1,C5 | ow p(My, Co, C3 | 01)ot) measurements made
S~— in the network
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Prediction Revisited

prediction posterior distribution motion model

p(M;41,Clo014) = /p(Mt,C | 01:4-1,0¢) X p(Myy1 | My)

My q

strong direct dependencies

weak indirect dependence

How to implement the prediction step distributedly?

prune weak dependencies? -



Distributed Filtering: Prediction

Clg CQE

CsE
p(Mta C17C2 | Ot—].?Ot?Ot)
p(M;41,C1,Co | 01:4) = /p(mt7017C2 | 01:¢)p(My4 1 | my) dmy

Want the best approximation (minimizing KL divergence):
e captures short-range dependencies
e drops long-range dependencies

Sufficient to compute the marginals over cliques
[Boyen, Koller 1998] 20



Summary of our approach

p(.p(My, Ce, C7 | 01::)Ip(My, Cs, Cg | 01:¢):¢) o
6 5 1. Each node maintains a
cligue marginal

oM S G )2. Nodes build communication
ISR structure, network junction
tree [Paskin et al. 2005]

3. Estimation: nodes condition
/2]@))t) on observations
[Paskin & Guestrin UAI 04]

=P 4. Prediction:

p(My,C1,Co | 01:4)Yip(M;, O, C3 | 01-4)- best approximation
p(PRNL =1 72 O )p(My, 2, Os | 01:0) 1) computed locally

21



Results: 44 simulated side-facing cameras
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Results: 44 simulated side-facing cameras

t=0.20s, step=1




Network of 25 cameras at

Intel Research Pi

ttsburgh
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Network of 25 cameras at
Intel Research Pittsburgh

t = 0.27s, step=1

"
x 2>< ><3
7 b
X * 4
5 6><
8
H
3 12
H = =
10 11
14 15
=
13 i 1
.
17 ><18
g
22

25



28
T

Results Model CompIeX|ty VS. Accuracv

RMS error 0-8
0.7
l pruning all
0.6 - dependencies
C 0.5
= 1 dependencies
o 0.4 ] epe _
o 031 among neighbors
0.2 1 g keeping all
0.1 dependencies
(exact solution)
v 0

26




Comparison with Rahimi et al., CVPR 2004

RMS error

better

y-

0.7 A

0.6
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0.4 -

0.3

0.2 -

0.1 -

Our approach:
 distributed

e online

e estimates uncertainty

pruning all
dependencies

dependencies

[ among neighbors

gy keeping all |
dependencies

(exact solution)

Rahimi et al.

I I
—-1-1

CVPR 2004
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Results: Communication vs. Accuracy

RMS error

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2 T~
0.1

Y0
//3/ 5 10 15 20

centralized solution epochs per time step 28
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Conclusion

Accurate camera localization with only
a single Gaussian!!!

— ROP — parameterization accurately ﬁ
representing ring-like distributions |

— Effective technique for incorporating nonlinear

observations IR R
Distributed online algorithm for camera —
localization that represents uncertainty b o

&'y g
2 o

Algorithm for distributed filtering for
general dynamic models 5 o

Evaluated on network of 25 real cameras




