Tokyo Institute of Technology

Sensor Localization and Target
Estimation in Visual Sensor Networks

1

Takayuki Nishi
FL11-8-3
8, June, 2011

Tokyo Institute of Technology Fujita Laboratory

Annual Schedule of my Research

Tokyo Institute of Technology

» Survey and Problem Settings
Presented in the FL seminar on May 11t

* First Tria and Evaluation of Proposed Method
Would like to finish by June

e Simulation (Experimental Verification)

Would like to finish by the middle presentation
onJuly 25t
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Introduction

Visual Sensor Networks
A network consisting of spatialy distributed smart cameras
Application

Tokyo Institute of Technology

« Environmental monitoring * Surveillance

D e
El..y& ;ﬁé,l'kr

The information of the location of the sensor is needed
Network L ocalization

Determining the relative poses of each sensor in sensor networks
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Introduction

L ocalization in Camera Networks[5]
Distributed estimation of the pose of cameras -

Tokyo Institute of Technology

« Usefeature pointsto get the neighboring
pose

iah The systhetic camea netwrk sotsp

* Apply only in static scene

+ Nonsimultaneous measure and estimation @ @'
Objective of my Research s

*1
¢ Use an object to get the relative pose of /bbjeci“x
the camera @" -~&
p4
* Not only determine the relative pose of each sensor but also
estimate the pose of the object
[5] R. Tron and R. Vidal, “ Distributed Image-based 3-D L ocalization of Camera Sensor

Networks,” Proc. of the 48th |EEE Conference on Decision and Control, pp. 901-908, 2009.
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Outline
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Introduction

Problem Settings

First Trial in a Simple Model

Analysis of the Trial
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Preliminaries
Tokyo Institute of Technology

Camera2
Consider a Visual Sensor Network with Objects camera

Communication graph G=(V,E) -7 Ja
Set of cameras: V={1,---,N} ;
Edge:(i,j)e E ] cangeti’sinformation @,/
Neighbor set: \; = {j € V|(i,j) € E} Camerady  COMErES

=) Undirected graph Camerai's
Pose Representation framez, g 0

Pose of camerai : guwi = (Pwi, Ruwi) € SE(3) ¢, lﬁl
Position: p,; € R? World ’ 19ij 2:.171?2
Orientation: R,; € SO(3) frame* < 7 i‘-é’%;\eraj s

Pose Of ODJECt:  guo = (Do Ruo) v frame

Pose of object relative to camerai:  gio = 9, gwo = (Pio; Rio)
Relative pose of the camerai and j:  g;; = 9,7 guwj = (Pij, Rij) .
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Preliminaries

Rigid Body Motion "A": wedge R® — so(3)
Guwi = GuiVl V: : body velocity
Relative Rigid Body Motion (RRBM)
Gio = =Viigwi + gui Vil
Visual M easurements
Position of feature points relative to object frame p; 1=1,---,m

Position of feature points relative to camera frame

Tokyo Institute of Technology

_ _ T Image Plane
Pit = GioPol = | Ti  Yir Zil

Perspective projection  \; :focal length m >4
; # 7 Ol T T
fil:ﬁ[“]fi=[ zll 112 fl.:'n]
Zil | Ya
Estimate g;, fromf; by Visual Motion Observer [8]
Estimated pose: g;, = (pio, Rio)

Tokyo Institute of Technology 1>,

§~ Camera Frame .

Definition of Localization
Definition of Localization ¢-=
Consider avisual sensor network. Let the world frame be the
cameral frame. The network is localized when the relative poses
of the cameragn; for alie{2,---,N} are uniquely determined.
(Inspired by Buljg etal. [4] and Vida et a. [5])
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Motivation of Localization Problem M7 . Camera3
* Estimates g,, are taken from their ‘@ P
own camera frame KR WA 4

» Estimates g;, (measurements) are
corrupted by noise

» Object pose needs to be = World frame Camerad
expressed in a common frame (world frame)

» Object pose relative to world frameyg,,, must be unique
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Objective

Objective P‘
Determine the poses of the camera §..; and object relative to
the camera ji, which are ....
¢ Asclose asthe estimates

»  Satisfy the uniqueness of the object pose

Tokyo Institute of Technology

Cost Function Euclidean distance:
—n 1
U= W@, g0 + Y ki) Hom) = 3ln—anlb
i€V EN; _ %lﬁ‘hl"" ;H.lh—.llnlﬂ

Juoi = Juigio : PoSe of the object estimated by camerai
To avoid the solution will betrivial
Gio = Jio |Jwifio = GwjTjo I:> T =0
Fix variables (known pose): 7.1 = (I,0), Ju=

Decision variables: g,; ie V! V' ={3,4,--- ,N}
Tokyo Institute of Technology

Problem Settings

Optimization Problem

Tokyo Institute of Technology

min U= min Y (0G5, Gio) + Y P(Gueiuos))
it Siodeiicy JEN:
suchthat g,1 = (/,0) and §..» are known

Procedure of minimization: Gradient method
Gio = —grad; ¥ eV

Gui = —grad; U eV’ V'={34,- N}
Division into Position and Orientation Parts

Position
. L1 _ i . .
Jmin ¢ = min 5 > 1Bio = Bio + Buoi — Puos I
PiosPwi PiosPwi Py
eV
Orientation
1 % - = P
_min = min - Z [|[Rio — Rio + Ruwoi — Rwuj”i'
RiosFtw Fiovftus 2 ()
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Outline
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Introduction

Problem Settings

First Trial ina Simple Model

» Analysisof the Trial
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Trial with Simple Models

Tokyo Institute of Technology
Consider 3 cameras and estimate only orientation
Cost function 1 3

T - - 5 1- - > 1- - )
o = 5“1310 = Ry, + 5”1?20 — Roo|l7- + 5\\330 — Rsoll3 Graph settings
1, T B R T S
+ E”Ru'ol — Ruoolli + EHRzmz — Ruoslli + §|\Rw03 — Ruor|l}
Ru0i = RuiRi, @ Orientation of the object estimated by camerai
Gradient of the cost function

gradp, ® = —Rio(sk(R,Rio) + sk(RE ) Ruoz + sk(RY , Ruos))
gradp ¢ = *Rws(Sk(RﬂRumlR&)+Sk(R£3Ru'o2R3To))
Update the estimates (discrete)

Rio(l+1) = expj, ;) (—egradg, ) @) Ri,(1): Estimates at iteration |

Ryi(l+1) = expp,. o) (—eeradg ) @) £: Stepsize
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Simulation Settings

Object & 3 Cameras: Stationary
Exponential expression
Ry, = et%e Esin(fr,) = (5k(R1o))
True orientation
gsin(0,) = [ 02222 04364 0.7640 |
€sin(a,) = | —0.6572 0.2739 0.4755 |
€sin(03,) = [ —0.6869 0.0336 0.4872 |
Esin(fus) = [ 0.6257 0.6957 0.0975 ]T
Fixed orientation T
Rui=I; &sin(fu2) =] 07355 05092 0.0785 ]
Ry1Rio = RyaRoo = RusR3,
Estimated orientation Ri,, Rs., Rs, Step size:0.001
True orientation + Random constant noise

(Gaussian with mean O variance 0.0001) 13
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Simulation Results

Plot of orientation R,
—— New estimates R,,

Tokyo Institute of Technology

—— Estimated by VMO (measurements) [?:,

— True orientation R,

& sin(01,) &, sin(61,)
0.4 0.6
0.4418
0.2304 ve
0.3 0.4
\ 0.2303 04411
0.4364
7\
02 022771 02
0.1 0
% 10 20 30°%% 10 20 30
TnkynlnsumemTemndogyTime[s] Tl

Simulation Results

Plot of orientation R,
— New estimates 7,
—— Estimated by VMO (measurements) [?;,
— True orientation R,

Tokyo Institute of Technology

.8 &:sin(6:,) 5 Cost functioni®
( ; 0.7651 )
2.6 0.7647
/ / 0764 |15
2.4
1
)2 0.5
\ 2.627e-6
00 10 20 30 00 10 20 3C

Time[s] Timel[s! 15
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Simulation Results

Plot of orientation R,

—— New estimates
—— True orientation

08
0.6257

= 06
3 / 0.6249
2 04
= /
[z}
2 0.2

% 10 20 30

Time[s]
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0.8
0.6961
< 06 / 0.6957
3 04
= /
%]
2 0.2
c0 10 20 30
0.1
oosl /- 0.0983
) / 0.0975
S 006
s ll
g 0.04
*0.02
CO 10 20 30
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Discussion & Problems

Tokyo Institute of Technology

1. What arethe physical meanings of the estimates?
Distance between true and measured orientation

1, = ; 1. = : 1 =
B0 = Bl + 51 Rao = Raollfe + 5|1 Rao = Rollf = 7.50 x 107

Distance between true and calculated orientation

T - S 1 - , 1 = _
§||R10 — Ryol|% + §HR20 — Roo|% + §\|R30 — Ra,||% =747 x 1074

I:> New estimates seem to reduce the effectiveness of the noise
2. Thepose of cameras change when the object moves

& sin(61,) & sin(fus)
Cameras: Stationary > :
i y o | 008
Object :Move %o % T /
2 8
s 04 / 5 0 wl !
. o /‘\/\_/\/
R J
10 20 30 10 20 BN 17
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Outline

Introduction

Problem Settings

Analysis of the Trial

Tokyo Institute of Technology

First Trial in Simple Models

Tokyo Institute of Technology
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Lyapunov Method (Position)

Tokyo Institute of Technology

Lyapunov Method (Position)

Tokyo Institute of Technology

Regard cost func.tlon as ITyapunov candl'd.atefun.ctlonl . Vo = = Gh 5+ 3 (uoi — Buoi) Ri) B = pio + 3 BEi(Buoi — Puo))
Lyapunov function considering only position (Orientation fixed) iev JEN; JEN:
, 1 _ . - _ =3 (woi — Bwoi) T (Buwoi — Puo
A I S PO ML ¥ 2o g e el et =)
i€ i€V JEN; — — p. — 5. _ & RT (5, . — B )
Pwoi = Rwipio + Pwi = - L 1 iTli - L QTW: PZ = Pio Pio + Z R“’i(pwm pwo]>
ieV i€V’ JEN;
Time derivative of the Lyapunov function <0 Qi =Y (Buoi — Puoj)
v, = pio — Pio)’ Dio + puoi = Puwoj) | Ruibio . . . Jen;
! iez‘.(p Pe) B ;JEZA (Buci = P} Hur Straightforward interpretation
5 o —5 N . 7 — . oV, - v, -
+ Z Z <pwm pu.w) Pui V= {3’4’ ’ N} V;) = %pio %sz
i€V jEN; £ apz‘o - apwi
. €V eV’
Gradient method .
a‘/ a‘/ N - — 72(8‘/1) )2 _ Z( a‘p 2
Pio = — af’ 8]; = Pio — Dio + Z (Pio + RE,(Pui — Ryjpjo — Puwj) v OPio v OPwi
Pio o JEN;
< 0
. av, o, — <
Puwi = — — = (Pwoi = Pwoj)
Tokyo |nspwl OPwi OPwi igf, ! Tokyo Institute of Technology
Lyapunov Method (Position) Lyapunov Method (Position)
Tokyo Ingtitute of Technology Tokyo Institute of Technology
Analysisin the case Vp =0 P; = Pio — Pio + Z R (Bwoi — Puwoj) Let z;,z; bethe eement of puois Pwoi . i
. . T ) J'Ef\,'. Zi— Ei + Z (Iz _ Zj) -0 Pwoi = o
Vo = Zpi P+ Z QiQi=0 Q;= Z (Pwoi — Pwoj) JeN: °
iev iev JEN: Let o [ ]T z [ z T }T V={1---,N}
=1 2 e r=\|z e IN ={1---
(1) (2) Zy TN 1 . N ’
i€EV i€V V'={3,4,--- N} z—Z+Lx=0 L : Graph Laplacian

> (Buoi = Puoj) =0 (2

1
1
1
1
1
1
1 JEN:
1
1
1
1
1
1

Bio = Pio+ Y Rugi(Buoi = Duos) =0 (1)

JEN; . .
Since V' c v, subgtitute
D RuiPio = Pio) + Y (Puoi = Prues) =01 (2)" t0 (1)
JEN: Pio = Dio
<:>f?f"-.'[.ﬁm = Pio) + Pui = Pui + 3 (Pot — Puos) = 0

JEN:
- . - ‘i)woi = Rwii)io + Puwi
Buoi — Puoi + 3 (Puoi — Puwoj) =0 5

ieN; Pwoi = Rwipio + Pwi
JEN: 21
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& U+bp=1 & e=+D)7"z

Ex) 2 2 -1 -1 Y2 Y4 Y4
L4-1 2 (+U° Y4 Y2 Y8| pun = Juo + Jhucs + huss

1 3 .
-1 -1 2 ya ya 2
2 4 12 -1-1 0 715 Y5 Y5 215
-1 3 -1 -1 .| Y5 25 Y5 5| \Weighted
Mo MY Ys Y5 25 5| querage
L 3 Lo -1-1 2 215 15 15 7/15

ey Checked by the smulation (Appendix)

Lyapunov Method (Position)
Tokyo Ingtitute of Technology
Characteristicof (+L)~' 45 (nspired by Hatanaka[7] , [11])
1 ... 1
c=(al+L)'  a>0 as0 (ol +|_)"—>$z :
1 ... 1
) 1 L i .
Vy = 3¢ Z o = Pioll* + 3 z Z Pwai = Purall”
eV PEV JEN;
Pio = — (P — Pio) — Z (Pio + R (Pui — RujPjo — Puj))
JEN
Assumption

The graph is connected and balanced <:| heuristic
Ex.)

2 2
47 27 Y7 23 2/9 Yo
Ag (+L4ya 47 27 ]A;; (I+L)*'5Y3 49 2/9
204 Y7 47 Y3 Y9 59

Not balanced -
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Conclusion

Conclusion
* Problem Settings

Setting the cost function
« Orientation Simulation in a Simple Model
The cost function is minimized
Question about what is the meaning of the converge value

Tokyo Institute of Technology

« Analysis of the position cost function
Converge values are weighted average of the estimates
Future Works
* Analysis of the orientation cost function
¢ Analytical smulations
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Appendix
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Definition of Localization

Tokyo Ingtitute of Technology
Definition of localization

Problem 6 (Frame localizability) [4]
Given arelative sensing network with reference nodel.
The reference frame transformation {&,sf}for al ic {2,---,n}
are uniquely determined by the relative measurements

Rl :i'sorientation relativetonodel ! :i'sposition

Definition 1 (Localized network) [5]
A network is said to be localized if thereis a set of relative
transformations g such that, when the reference frame of the first
nodeisfixed to g , the other absolute posesa are uniquely
determined.
For any path | from node 1 to node i, we havegi = m=m

Tokyo Institute of Technology Fujita Labor atory 28

Calculation of the Gradient

Consider
9(R) = 3IIR ~ I} = trace(I ~ R'Q) 1+ SO(3) + R
SO(3) is submanifold of R**?
Define p() =¢()  ¢: BT 5 R
gradp(R) = Prgradpé(R) (1)
Projection: Py : B*? — TrSO(3) PrZ = Rsk(R"Z)

Tangent space: TrSO(3) = {RX € R**?

X € 50(3)}

< gradpd(R), Z >= DH(R)[Z]  (2)
<> Inner product < Zy, Z» >=trace(Z{ Z») Zy,Z» € R®*3

29

Tokyo Institute of Technology. Fujita L aboratory

Calculation of the Gradient

Tokyo Institute of Technology

Directional derivative
SR +1tZ) - $(R)
t

DA(R)[Z] = }‘j% = —trace(Z7Q) (©)]
From (2) and (3)
gradpd(R) = —Q

gradp¢(R) = Prgradp(R) = Pr(—Q) = —Rsk(RTQ)
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Simulation : Moving Object
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2.5 T T
Simulation Settings - Cost function® |
3 Cameras : Stationary s
Object :Move '

—— New estimates
—— Estimated by VMO 05
—— True orientation \.

Simulation Settings: Only Position

Tokyo Ingtitute of Technology
True position
Plo = [ 0.9572 0.4854 1.3003

~| T
= [ 07809 06624 08027 |
0

pao=| —01147 02007 13340 |
Pus = [ 04074 0.4529 0.0635 ]r

0 " o - .
. 0 10 20 30 Fixed position and orientation
; £ sin(61,) &, sin(fy3 p
0.1 gu1 = (I3,0) .
08 | oo puz=| 04567 0.3162 0.0488 |
K o,s% T 006 / Esin(f.2) = [ 02222 04364 0.7640 ]
= =
= / € o / €sin(Bus) = [ 0.6874 01123 0.6914 ]
o / e =Puoz = Ruot = Ruoz = R
0.2 0.02] Pwol = Pwo2 = Pwo3 wol = Ruwoz = 'I,Emg
€sin(61,) = [ 01186 03526 0.7655 |
% 10 20 30 % m) 20 30
Tokyolnstituteof Teshnology  Timel[s] Timarl: Fujita Laboratory Tokyo Intitute of Technology
Simulation: Only Position Lyapunov Method (Orientation)
Tokyo Ingtitute of Technology Tokyo Institute of Technology
2
Simulation Results Cost functioniy Lyapunov function considering only orientation
P30 = P 15 1 = = ;
Poo = Poo, X ) = 52 i = Riolli + 5 Z D M Ruwoi = Rl
Puwol = 517”1 + 1?w02 + X‘ﬁwaﬁl i ieV ze‘ JEN;
. -
= [09659 04941 13004 }1 ST ORERi)+ DY (R i Ruos)
T I I 0.5 i€V i€V jEN;
Pwo2 =  TPuwol + 5Pwo2 + ~Pwos 1
Lo A 9(R7Q) = tr(I — R'Q) = IR - QIf}: Ruoi = RuiRio
= [09619 0.4938 13104 ] 0y m 20 0 ) o ) ,
| 0.6 Time derivative of the Lyapunov function Vi={3,4,---,N}
0.9688 0.4132
0.8 y// 0.965 0.4 = - Ztr Rwa + Z RZ;RL Ruoj) — Z Z tI(Rz:szzRwoj)
eV JEN: i€V’ JEN;
g 06 s IR Gradient method
2™ 0.4 S / Rip = — srad ;. Vi
02 o gradp, Vi = —Rigsk(R[,Rio) = Rio ) sk(RioiRuos)
JEN:
% 10 20 o %% 10 20 30 gradp, Vi = —Rui Y sk(RL;Ruo; RL)
Tokotnsiuteot Temoogy  Timel[s] Ti Tage iEN
Lyapunov Method (Orientation) Lyapunov Method (Orientation)

Tokyo Ingtitute of Technology Tokyo Institute of Technology
mo= — RY i BT Ruoi)sk(RLR; AT R =Y AYRLRi) = > (S(RE Rio) + d(B g Ruos) — 20(RigiFuwos))
Ve = =Y t{(RLRio+ Y RL, i Ruoi)sk(RLRio + > RY Ruoj)} Rio io woiflwoj woiltwoj

i€V JEN: JEN: eV JEN:
=SS (R Ruisk (R Rusog L) Rio)  sk(M) = (M — M) =3 Y (SR Ruoi) — d(Rioi Ruok)) }
16‘ ' JEN: 2 JEN; kEN;
. _ By~ o(BT B
= Y (= (RERW) + Y (B Reo L R = RERio B Ruer) >3 Y G R Rues) = H R o))
'6‘ Jen i€V! jEN; keN;
m(RT R TR R .
4 Z (Ru,w RuozR Rm Ru oJRuozR Rw) - Z{Amm(sy m R R;, M + Z ¢(me wOJ))
P eV JEN:
+ 30 Y (R Ruok = Ry Ruvoily i R} = 2 Amin(Vm(BooiRuoi NGRERi0) + 3 o(Biiftuor)}
JEN. keN: JEN: kEN;

1 - - - - - -
=52 > > By Ruok = Ry Ruoi R o)
i€V JEN; keN;

FromLemma4 in[11] YRy, Rz, Bs € SO(3)  eym(M) = _(u+ur]
-ﬁfﬂfﬂn R ReFy ) 2 $(R) Re) — $ R Re) +l—{m(1ﬂ'&]]ﬂlfﬂu3
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- Z Z Z ’\mm(qym(Ru )0i ~w0j))¢(RIm'Rwok)

i€V! JEN; kEN;
Z Z HRE Ris) + ${ R e Tloos) 222 Z AT Roog)

ZE ZKRL.R-»:PZZ Eﬂlﬂ.ﬂ-u]
Tokyo Ingtitute of Technology IV JEN: heNs

V<0 if




Lyapunov Method (Orientation)
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Consideration
3N HALAL) + SR Feg) 223 Y R Hrey)
Ve<d if T2 o Lyien
Y Y Y MR} 2 Y Y Y AT R}
EV feN: BEN; £V JEN; BEN;
Converge to the set??
O = (B Bidicvl Y Y S RL) + AR <2 Y (R efln)))
iEW FeM LEV FEN
= (B Bidievl 3 3 3 AL B) <Y Y, Y KB B}
1EV fEN: BENS W FeM; beA
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Time Derivative of Orientation Lyapunov Function
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Simple model (Ex 1)

Vi < =S GBo(RLR0) +2 Y $(RyiRuoj) — $(RL RE: Ruoy)) 2
ze\» . JEN 1 3
= ORE, 1 Ru) + L ) = Ly Re) A
ZAW‘"(sym R R,

vos) =

'1? SR Ruoj 0
> 1 Rio)) (PR Fio) + ;< woittuwos) Graph settings
= Amin(SYm(RY oy Ruo2) ) ((RY, Rio) + (RS, Rao) + 6(RE o1 Ruvoz) + B0(Ripoy Ruos) + 26(Ri 2
= Amin(Sym(Rl o Ruvo)) (95, Bzo) + @(R, Bo) + OBy Ruvon) + 20( By Ruvos) + 36 uos).

= Amin (ym(Ro1 Ruva)) (ORI, Rio) + OB, o) + 26(Rior Ruvcn) + 6(Riyo1 Ruvas) + (R0 Ruvn))

Simple model (Ex.2)

2
Ve < —Z(zwm’,’,}mHZw(R“ piRuos) = SRLRY Ruoj)) 1 2 3
i€V
(B(RL ) Ruos) + 36(RE o Ruos) RY R

wol — 46(RY,, Ruoz)) ]
_ Z)\,,m, sym(RE Rio) (9(RE Rio) + 3 (R Ruos) Graph settings

JEN:
ot oz >>(4»(R.,, o)+ 20(RD g Ruoz) + 6(RL oy Rus) + 26(RY 5 R

2 Ruvos)

n
]

(

- W.(mn )+ ‘/)(17?"‘ R wol

R30) + 20(RDy Ruoz) + D(RD ) Rues) + 20(R

= Amin(sym(
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