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» Research Objectives
-- Online motion planning and control for mobile sensor agents (MSAs)

-- MSA Objectives: target tracking and surveillance; minimize energy
consumption (e.g. distance traveled); and, avoid obstacles.

“* Applications: Modern Surveillance Systems
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“oeisensrs Modeling of Target Dynamics

» Target state:  X(t, ) =[x(t,) Ot )T, x(t)=[x(t) Yt )]

* Markov motion process:
x(t) = v(ty [cosO(ty ) sinO(t)]', for t, <t<t,;, where:

State transition at discontinuities: +y ;
_COS e(tk ) Z'V_ 7 Target Geometry |
X(t, )=X(t )+ sinO(t, )
N(u.o?)

Target transition probabilities,

Pr(x(ty ), V(ty), O(t)), k=1,2...,

are computed from sensor measurements.




UL ISO

weoraorcior et [Vjodel of Mobile Sensor Agent (MSA)

The sensor is characterized by a field-of-view (FOV) with geometry .$', and by a
platform with geometry A4 .

When the $'(1 720 , measurements are obtained according to equation:

1 0 0 O

white-noise
=0 0 O yenty ™
Z = X + v

Y <2710 0 0 0 < F
O 0 0 O

Geometries:
Sensor FOV, §
Sensor Platform, 4

~ < Frames of reference:

Body frame, 7 ;
Fy Inertial frame, 7,

v
pas
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The sensor position and velocity in _#5,, are described by the vector,

y(t) =[x(t,) y(t,) xt,) ¥yt )T

and the platform dynamics are assumed to be LTI, and discretized w.r.t. time:

107 0 0
0107 0
y(te) = 0010 y(te_1)+ i
000 1 0

0

0
0
T_

u(tK—l)

Where, u(t,) 1s the sensor’s platform feedback control input vector.
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Sensor Objectives:
Target Tracking and Surveillance
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moraoronncnt - Target Tracking: Particle Filter Method

The particle filter 1s a recursive method to estimate a probability density function
(PDF), e.g. f(O(t )|z(t,  )),based on sequential Monte Carlo simulations.

¢ Each iteration has three steps
= Sampling particles from an importance density function (IPD): ((&)

= Update the weight for each particle using Bayes’ rule:
w o O]z, ,,))
: a(é,)
TG, |2, ) oc T(2(t)]0,,2(,,, )xT(O, |z, )
= Re-sampling if effective size N, 1s smaller than %

1
Ne: ZN W2
p=1 P

N N
* PDF representation: pr5 (0,), ZWp =L w, >0
p=1 p=1

b
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Particle filter method applied to target heading (&) estimation:

f©6) , F, 1z, )

f(zt)]6,,2(,,, )
X Particles
@  Latest Measurement z(t )
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Definition of important probability density (IPD) function:

0 else

0 else

fs(é’){L Hes L= [ g0 9(9){1 e
R

7

Approximate fi(6) by a finite mixture

. 2 .
of Gaussians, ZﬂiN(lli,Gi ) ,l.e.
i=1

f (O)

S. 10| N(0|u,,07)>L

7T
_ J

S=S US,..US_

4
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Supporting Interval: S
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oroinset - Particle Filter Update by Proposed IPD

LGOI t(o,lz(t,,, )

) Particles
@  Latest Measurement z(t )
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> Particle filter representation: Z W

p
g

‘*Degeneracy phenomenon: The variance of particle weight
accumulates along iterations

s»Consequence: A number of particles have low weights
and no contributions in approximating

*Re-sampling method: The particles with high weights are
repeated, redundant particles

m
O Gaussian Mixture: Z 7. N(u.,o))
=
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¢ Classical Potential Field Method for Robot Navigation and Control:

U(a) = Uart(a) + Urep(a)
Fx —-vU(q)

O Information Potential Field Method for MSA Navigation:
1 | )2

3 (e — 7o if p(ae.a) < po

if po < p(ae,q) < p1
if p(qe,q) > p1

U(q) = 1

=

2&(p(ar,q) — p1)?

cos 0°

q’ th+a[ ](p(quqs)pl)

sin 6*
O Information Potential Field (IPF) - MSA Control Law:

JeosO(t)| [0 010 B
u(q)—VLing(tKJ {O 0 0 1}y(t,c) VU(q)
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“* Proposed Lyapunov Function for IPF Control:

\

Wenjie: Please write on
this slide the proof and
eq. (30)-(31) from the
paper.

/
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Scenario: The sensor platform and the target are modeled as point masses,

the workspace has no obstacles

Simulation parameters:

Target speed (v)

Workspace size

Heading changing frequency
Measuring frequency

Measuring noise

2m/s
50mx50m
0.1Hz

3.3Hz

diag (0.4 0.4)
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25 — €E(t) : E{O%} — 0%, estimation error.

k=1, 2: time 1nstants at
which target changes

—
an
I

= heading (discontinuities
e 1 k=1 K=2 in piece-wise line
5 Markov motion model).
= 0.5-
: \

o PO,

0.5+
-1 | | | | | t
0 5 10 15 20 25

Simulation Time (s)
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Simulated Scenario # 2

Scenario: The workspace 1s populated with 7 obstacles; the target and the

sensor’s platform have finite geometries (bdd subsets of R?).

Simulation parameters:

Target speed (v)

Workspace size

Heading changing frequency
Measuring frequency

Measuring noise

Po
P,

2m/s
100mx>100m
0.1Hz

3.3Hz

diag (0.4 0.4)
3m

4m
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100¢

80+

60+

40t

20

(m)

Results: Sensor Path Planning

s Sensor Initial Position
q, Target Initial Position

— Sensor Path
— Target Path

o A
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0 10 20 30 40 20 60 70 80 90
Simulation Time (s)
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Results:
* Integration of geometric target and sensor modeling
= Particle filter method for target tracking
= Information potential field method:
sensor path planning for tracking and surveillance
Future work:
= Estimate multiple Markov parameters (e.g. speed)

* Adaptive dynamic programming (ADP) approach

= Experimental testing 7
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