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Estimation is used in control. [u = K(X)]
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The problem

STATE ESTIMATION OF LTI SYSTEMS

Construct a dynamic state observer for the LTI-System

xt = Ax+ Bu+ Gv
y = Cx + Hw

» v and w are bounded noises with known bounds
E{v?} and E{w?} are known But not E{v;v;} and E{w;w;}
» v and w are not necessarily independent (E{v;w;} # 0))

v

v

Estimation is used in control. [u = K(X)]

v

State is known to satisfy Ax < B

MAZEN ALAMIR MHO UNDER BOUNDED NON GAUSSIAN NOISE 2/25



Some bemols on Kalman Filter

» Constraints [Rao and Rawlings, Automatica 2001]
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Some bemols on Kalman Filter
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bounded equation
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Some bemols on Kalman Filter
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Some bemols on Kalman Filter

» Constraints
Erreurs d’estimation ||2() — z(*)[| o

» Optimality is questionable oz ——Kaman
» Sensor signals are 015 —e
bounded ol Ay A
» v and w may be coupled 005 “‘1.): ik Lt g PR .
» E{vv;}, E{wiw;} are A E—
never known [and hence 0 S “

arbitrarily chosen]

Assuming that the L> norm of the

» In observer based control, . ;
Kalman-Filter error is lower, would you

minimizing the variance of really prefer the black curve to the red
Xx — X is not necessarily the when thinking of sending them to actau-
best option tors 7

=  Even without the constraint-related issue,
there is room for novel thoughts



TWO PHILOSOPHIES
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Kalman-like approach

E-N k-1 k& time

Solve unconstrained quadratic confidence trade-off

k
min | [[(K|€) = x"(k[k - Dlig, + D I961€) = ym(D)IIF,

» Qs and Q, depend on E{vv"} and E{ww '}

» Recursive LS implementation <+ Kalman updating rules
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The proposed approach

T (k- 1)
é

k—N k—1 3 time

Compute the closest admissible state to the expected one

n

min [Z(ngl) + 17,(2))} under

77(1)20’7)(2)20»2:(5’177W) i=1
yP(k|z) = ym(k)
R(k|z) — xP(klk — 1) = ") — )

Temporal constraints on 7 and w [Kolmogorov-Pokhorov]

Present

v

v

v

v

Knowledge-base constraints on the state Ax < B
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MoTIVATION
SKETCH OF THE PROPOSED SCHEME TWO PHILOSOPHIES
ILLUSTRATIVE EXAMPLE THE KOLMOGOROV-POKHOROV INEQUALITIES
ConcrLusioN AND FuTURE WORK

SOME DEFINITIONS & NOTATION

Consider N random independent varables {V;} ; satisfying
E(V;) = 0 and denote by o3 their sum of variances:

N
oy =) E(VP)
i=1
Assume that

(Vief{l,...,N}) |Vi|<V

and denote their partial sum by :
N
Sy = Z Vi
i=1
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KOLMOGOROV-POKHOROV INEQUALITIES [STOUT-74|

The following inequality is satisfied for all € > 0:

Pr{ISnl > Ty o) -on] <n

For all N, the following is satisfied with a probability of (1—7)%

Vse{l,...,n,}

N-1

Iz_; Vs(k + /) < r(z"/s, /NQ,,(s,s))(n) TV N - Qu(575)
Vse{l,...,nu}

N—1

Iz_; Ws(k + /) < r(v_vs, /NQW(sys))(U) Y N - QW(S, 5)
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The proposed approach
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SYSTEM DEFINITION
SIMULATIONS

Consider the system

X = Acx+ Beu+ Gev
y = Cx+ Hw

» v1 := by - tanh(ep)

» v = by - tanh(ez)

» w = b3z - tanh(e3)

» ¢; white Gaussian noises

» (var(er), var(e2), var(es)) := (0.5,0.5,0.8)

o V2/(2var¥(e)
o'.

2 2 nv2v
2 o b,-/ ey | (I

> (b1, by, ba) € {(0.02,0.02,2), (0.2,0.2,2)}
_ MHO UNDER BOUNDED NON GAUSSIAN NOISE 9/25



SYSTEM DEFINITION
SIMULATIONS

Consider the system

= Ax+ Bcu+ Gev
Cx + Hw

v

Sampling period 7 = 0.1
No = 15
The control is defined by:

v

v

21t

u(t) = s (—) + — mln{l, max{0.4, b}} (1)

b is a white noise

v



» Tune Kalman filter according to o;
» No way to consider the bounds
» KP Inequalities threshold n = 0.1
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SYSTEM DEFINITION
SIMULATIONS

»

— KF too slow (not enough confidence in measurements)

v

Tune Kalman filter according to o1, 02 and V10~° - o3
Increase the confidence in output measurements
KP Inequalities threshold n = 0.1

\{

v
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SYSTEM DEFINITION
SIMULATIONS

»

KF is — still too slow (not enough confidence in
measurements)

v

Tune Kalman filter according to o1, 02 and V106 . o3
Increase the confidence in output measurements
KP Inequalities threshold = 0.1

v

v
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» — KF is quite fast but too sensitive to noise

» Tune Kalman filter according to o1, 05 and V1076 - 03
» KP Inequalities threshold increased from n = 0.1 to n = 0.4
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» Choose a good trade-off for Kalman filter according to o1, o2

and v/ 104 03
» Reset the KP Inequalities threshold to n = 0.1

» Let's compare the asymptotic behavior . ..



z1 vs différentes estimations &
5

’\

AANAAN

AN

4} A\
mmVVVVVVVIvv

3 v

2| —reel
! V —obs. LP

1 open-loop

o —--Kalman

0 20 40 60 80

3 vs différentes estimations &3

“?5\ i mm/\nj S

3

Erreurs d’estimation ||Z(-

80

) —2()ll

—--Kalman
—Obs LP

21

\
\
N
1 Y
.,
..
o S
0 20 40 60 80

Time

SYSTEM DEFINITION
SIMULATIONS

x5 vs différentes estimations Zo
s

AAAAAA
VVVVY

40 60 80

Erreurs d’estimation ||2(+) — z(*)]|oo

008
. —--Kalman
0.0 \{.ﬂ‘ —Ol;; LP
!”\ A 4 " ?\
R NGL Y T
LYOWA "‘a .#'”
0.02
i —_— ]
% 50 60 70 80

Time

14/25



» Choose a good trade-off for Kalman filter according to o1, oo

and V10~% - 03
> Reset the KP Inequalities threshold to n = 0.95

» Let's compare the asymptotic behavior ...
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» Choose a good trade-off for Kalman filter according to o1, 02

and V10~% - o3
» Reset the KP Inequalities threshold to = 0.6

» Let's compare the asymptotic behavior . ..
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» Choose a good trade-off for Kalman filter according to o1, o2

and V10~% - o3
» Reset the KP Inequalities threshold to n = 0.2

» Let's compare the asymptotic behavior . ..
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» Choose a good trade-off for Kalman filter according to o1, o2

and V10~% - o3
» Reset the KP Inequalities threshold to n = 0.1

» Let's compare the asymptotic behavior . ..
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» Choose a good trade-off for Kalman filter according to o1, 02

and v 104 03
» Reset the KP Inequalities threshold to n = 0.1

» Let's compare the asymptotic behavior . ..
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SYSTEM DEFINITION
SIMULATIONS

» Choose a good trade-off for Kalman filter according to
01 =20.2 00 =0.2and V10~*- 03
» Reset the KP Inequalities threshold to n = 0.1

» Let's compare the asymptotic behavior . ..
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SYSTEM DEFINITION
SIMULATIONS

» Choose a good trade-off for Kalman filter according to
o1 = 0.2, Oy = 0.2 and Vv 10_2 - 03
» Reset the KP Inequalities threshold to n = 0.1

» Let's compare the asymptotic behavior . ..
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SYSTEM DEFINITION
SIMULATIONS

» Choose a good trade-off for Kalman filter according to
g1 = 0.2, gy = 0.2 and g3

» Reset the KP Inequalities threshold to n = 0.1

» Let's compare the asymptotic behavior . ..
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SYSTEM DEFINITION
SIMULATIONS

» Choose a good trade-off for Kalman filter according to
g1 = 0.2, gy = 0.2 and g3

» Reset the KP Inequalities threshold to n = 0.1

» Let's compare the asymptotic behavior . ..
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SYSTEM DEFINITION
SIMULATIONS

» Choose a good trade-off for Kalman filter according to
g1 = 0.2, 02 = 0.2 and g3

» Reset the KP Inequalities threshold to n = 0.025

» Let's compare the asymptotic behavior . ..
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SYSTEM DEFINITION
SIMULATIONS

» Choose a good trade-off for Kalman filter according to
o1 = 0.2, 0o = 0.2 and g3

» Reset the KP Inequalities threshold to = 0.025

» Let's compare the asymptotic behavior . ..



SYSTEM DEFINITION
SIMULATIONS

o vs différentes estimations &9

z1 vs différentes estimations &1

LA i A A AANNANNANAN da 2 a A RAAAANANNA
AANWVVVVVVIE, j VVVVVVVY
I/ —obs. LP 2d
\V) —= open-loop v
0 —--Kalman o
0 20 40 60 80 0 20 40 60 80
z3 vs différentes estimations &3 Mesure bruitée y vs C&
2 y
15 o oA AN AR 10| p% AN i
' AVAVAVAVAVAVAYATAN v -
1 v Vv Vv v 5 g it
05
/v o
% 20 40 60 80 0 20 40 60 80
Erreurs d’estimation ||Z(-) — z(-)||2 Erreurs d’estimation ||Z(-) — z(-)||2
003
10 —--Kalman
002 —Obs LP
5 “\
\ 001
o \mk
0 o A e abratmiend
0 20 [ 60 80 40 50 60 70 80
Time Time



Preliminary work

v

v

Solution particularly appealing for observer-based control

KP-like related curves can be obtained experimentally

v

v

More investigation is needed regarding

» Stability assessment
» The impact of observation horizon

» The KP inequalities threshold

v

Are the qualitative conclusions general ?
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