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Visual Perceptions

“The out there of conscious experienceisn't realy
out there at all; it'sinside the head. Our visual
perceptions are asimulation of the real world.” [1]

There are some ways to know the position relation in
3 dimension from information of two dimension. The
famous way is stereo vision which uses two cameras.
Though, not all animals use this way.

Visual processing of the brain includes high-
level functions of building and manipulating
an internal model of the outside world.

—A way isVisua Motion Observer

[1] J.Gray, Consciouness: Creeping Up on the Hand Problem, Oxford University Press, 2004
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Introduction

Visua Motion Observer (VMO)
It estimates object’ s relative positions and orientations
in 3 dimension from the image information.
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Previous Work
It assumes the object has zero velocity
—There are the tracking errors when the object has a velocity

Object of this Work

Assuming the case of the object having a velocity by assuming the object’s motion pattern
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Outline

Tokyo Institute of Technology

e Basison Visua Motion Observer

VMO with Target Object Motion Modéel
— Target Object Maotion Model

— Constant Velocity

— Generalized Motion

Simulation
e Conclusion and Feature Works
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Relative Pose and Rigid Body Motion
Pose and Body Velocity of Vision Camera = [L:'%]

ooe = Pucs =) 2 =[] VA= gl
Pose and Body Velocity of Object Orientation: e = e & S0(3)
oo = ) =[] 02 = g
Pose and Body Velocity of Object relative to Vision Camera
B =Bt} 2o 5| 0= gl

Position: me R

hzﬁﬂm

Relative Rigid Body Motion (RRBM)

Geo — _V:Jm + gmf}:g

V2 B = Vi,

o > B

Vision Camera

Tokyo Institute of Technology

Vou| Irs Vision
V:,,; RRBM |8 ., Feaure B Perg?&?ﬁ( _fb i
Points Projection

Object’s Feature Points
P =1, m),m>4

Feature Points
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Perspective Projection
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Visua Motion Observer
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Visual Motion

Obseryer
Estimation error €, = (nnsﬂ) can be calculated
by product of Image Jacobian Jand image information Jfu

=005
er(Re) = (R~ RE)

(R =T

Formulated estimation mechanism
RRBM N ik _ .
Frm Ben = ~¥oolkn — Fnlin

Ce= Jr{iﬂ)fa
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P2t = 02, | 26> 50

Tokyo Institute of Technology

Visua Motion Observer
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Visual Motion
Observer

Theorem 1
If ¥5, =0 theequilibrium point e.=0 forthe
closed-loop system (1) and (2) is asymptotically stable.

]{i-=é.+y.‘7’& )
& = —ket %)

—The visua motion observer leads the estimate Fen to the actual S .

Though this framewo

rk assumes ¥&, isacompletely unknown disturbance

so there is estimated error when the object move.

—Consideration of the
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object’s motion pattern to cancel estimated error.

Target Object Motion Model (TOMM)
5 l RRBM »
Vo | e = Vol + GV ————
2 :’\\/I/(()eid(;city RRBM model
| on = Vol + Bl [ B

VMO with TOMM 5, ] RREM P
o
i

Vi | i = ~Vation + GV ————
RRBM model Estimate Ve
- g2 ] -
2 oo = Ven - Bea iy + Beofin [ B

y——
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VMO with Target Object Motion Model
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r@ Velocity Model
VMO with Target Object Motion Model
Formulated estimation mechanism
7=,
Boo = —Vaelon + oo (Vo — &
Ce = Jf G)fl
Hy = Koty e = —Ko6a

Assume Constant Velocity
ﬂ Tokyo Institute of Technology
jui o xr
{ Te
v_ﬂ:__)‘ RRBM }L{ Vision Camera }-L‘

Kraptd
Fou| vision Camera| T Jo
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RRBM Model Model f
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Theorem 2 ¥
! - =ty (33)

Consider the estimation error system (3) for { i A
aconstant velocity model (4) with the input Fe = Uelfe ﬂi‘" +“p:“ (30)
= b o=, K= [ S TR 8 TV, =0 ’
1] b = PP e + 2PE, @

Then, we have Fm (%, e =10 .
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Assume Constant Velocity
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Velocity Model
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e Formulated esti

mation mechanism ™ viay u'. =¥, —uy asnew input of the observer
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!’L =T a v = — f My —H,
oo = —VE B + oo (Vi — &)
e =@/, = b.fe.+n:e.
oy = =k, By — —K',q, (5) The same structure as the proportional-integral
p contoroller a




Generalized Motion Model
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Fourier series

_ @y . Periodic functions can be represented
f=)= =+ 2(""""&"' &y ninjeex) by the sum of aset of oscillating functions
=1

Consider the case the targa object body velocity (approximately) is given
e + 2 By zain vt 4 By ; cosw;d

Voo = [ bl ] --------------- :-=--3-i) 6)
Mg c.,+2¢.,,,mnu¢+h”mu¢
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Generalized Motion Model
Thetime evolution of e isrepresented by the linear time invariant system s
do = A% A= [ : : I:. r
‘w...=0:.. 0 —degiet. - ul)@k D » Ol ®h @
I
~[3]-leZg ]
i [ EENE S o
Model is
{ %, =A%, — Bu,,, B=0CT
B, = OBy
The estimation error system of e
g = ATy + Bt oy = A%y + Bricy
W = e @ B = OZon ®
(o = o — ) (e = 2 — %)

Tokyoinsituteot Temology _amm

Generalized Motion Model
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Theorem 3
Consider the estimation error system (3b) , (7) and (8)
for avelocity model (6) with the input (5).

Then, we have ‘En;_[v.,o.,J =

q.+z':-.,in-s+b...m-u
Ve ["]: = © o= —kutn, % =—Kga (5
o+ 3 it I g gt

o= Goo— Vo 00+ 5 P5,  (30)

The estimation error system of Hkoa
Fors = ATura + Btiou
We = CFenn

The estimation error system of sy
Faw = ATas + Bty

@ e = CZen

(©)]

Simulation
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Input :

1. A sinewave
2. Sum of sine waves
3. White noise + Low passfilter

4. White noise + Low pass filter (other situation)
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Simulation: Setting
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Feature Points
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Simulation: Setting
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Initial value Initial value of estimation

RREM Model

d Body
Velocity Model




Simulation: Setting
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Rest of setting
Gain Focal Length Sampling Time
k=1, k=1 A =0.0033 [m] T=0.1[g
Body Velocity of Camera
Vi )
+ ) Ve
o RRBM | o{ Vision Camsera
¢
RRBM Model
Esiti d Body

Velocity Model

| Examine some conbinations of W and Estimated Body Velocity |
Model

Afterward, consider that the object has only x-axis's linear velocity
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Estimated Body Velocity Model

Turo () = ein{at)

[ b (Buolt) = —a”
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uin(at))

v—[1 n][:] (v = e = )
e i:é‘x+ﬂu ‘_rw —_ b sinad ‘F’w
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Simulation (1): A sinewave
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e = ﬁn;, Position (x)
Estimated Body Velocity Model 15 e Eetmated oy 240 it TOMS

Poa=H(p—f) , Boe— KR vE e wEoTw B W

Estimation error of position (x) Estimation error of position (y)
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Simulation (2): Sum of sine waves
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tad by VMO
= Eatimated by VMO with TOMM
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o -
MO with TOMM

Simulation (3): White noise + Low Pass Filter
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Make common signal by taking out a certain frequency region from white noise

under ;[ndfli

white noise
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=
2
=
E ’
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50 L - - s i
low-pass filter 0 5 10 15 20 25 30
- = ;(,..y.] Signa (n;aked by white noise by using low-pass filter) Fi=)
20 é
= !
-1 | : - i i J
5 10 15 20 25 30
Time [s]

Simulation (3): White noise + Low Pass Filter

Dividing equally the frequency domain Position (x)

into twelve
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2 12 Time [5]

=

(i=1,---,1%)
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Estimation error of position (y)




Simulation(3): Frequency Analysis

Frequency Analysis of common signal T ndipa] wirad/sl
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% G5 01 015 02 025 03 035 04 045 05
Frequency [Hz]
Thissignal has most frequency components from 0 [Hz] to 0.12 [Hz]
and also asmall peak in 0.265 [HZ]
(0.12[HZ]=0.754[rad/s],0.265[Hz] =1.67[rad/s])
—There is adistribution so we should make Estimated Body Velocity Model
by considering the distribution
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Simulation(3): Frequency Analysis
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Frequency Analysis of common signal

- /ﬂ\

% 005 01 015 02 025 03 035 04 045 05
Frequency [Hz]
Thissignal has most frequency components from 0 [Hz] to 0.12 [Hz]
and also asmall peak in 0.265 [HZ]
(0.12[Hz]=0.754[rad/s] ,0.265[Hz]=1.67[rad/s])
—Thereisadistribution so we should make Estimated Body Velocity Model
by considering the distribution

Conduct simulation by using e frequencies once again
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Simulation (3): White noise + Low Pass Filter
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Consider the distribution of frequencies ———————
Estimated Body Velocity Model s CEEEEEE S

s

Estimation error of position (x)
03

11

Estimation error of position (y)
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Time [s]
Though, thereis a oscillation with a period

about 1.5[s] = 4[rad/s]
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Analysis of Sensitivity Function
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o

14
RRBM ——+ Vision Camera

RRBM Model

Esitimated Body
Velogity Model

Maginitude (dB)
b=

Y — HE HH i
107 107" 10°

Frequency (rad/sec)

Thereisapeak in 4[rad/s] and thisis the same as the oscillation period

Analysis of Sensitivity Function
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Sensitivity_lli_unction (Ba=1E=1)

Maginitude (48)

107" 10 10° 10
Freguancy (rad/sec)

| Thereisapeak in 4[rad/s] and thisis the same as the oscillation period
Sensitivity Function (g = 4, & = 0.5)

Magnitude (dB)

10 ? II.‘: |(II. 10
Froquanay (rad/soc) 29

Simulation (3): White noise + Low Pass Filter

Tokyo Institute of Technology
Consider the distribution of frequencies and adjust the gains
Estimated Body Velocity Model

(o]

Estimation error of position (x)
0.3~ - )

Esimaut;on error of position (y)
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— Attenuate the oscillation by considering the sensitivity function
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Comparison
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VMO (k. =4) Positign (x) .
VMO With TOMM (a = 4, ks =0.5) . e

— VMO with TOMM
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Other Situation
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Initial value
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Body Velocity
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Initial value of estimation
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Simulation (4)
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== Actual
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Estimation error (x)
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Simulation (4)
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Simulation (4)
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Simulation (4)
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Orientation

Estimation error (Orientation (x))
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mation error (Orientation (z))
03p

VMO
10 with TOMM




Conclusion and Future Works
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Conclusion
Target Object Motion Model

+ Assuming constant velocity, the Estimated Body Velocity Model is the same structure
as the proportional-integral controller

+ Assuming generalized motion, we can use the Fourier series as the Estimated Body
Velocity by analyzing the signal in frequency domain

-Verifications of value of VMO with TOMM by simulation

Future Works

+ Experiment
+Consideration of automatically analyzing the component of frequency domain
-Not only the estimation error of pose information but also velocity information
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