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Y(t)=Y (1) +e(t)+[n,(t)—e ()],

7, = increased noise standard deviation

eElectro-magnetic
disturbance

e[ oss of screening
eDisconnection of
the ground signal

Small signal to noise
ratio
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Td represents time to detect, isolate and to estimate

Fault{d

Model/Data
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Faultx T
Y=o

T,, represents time to reconfigure

Model/Data
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Resilient
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DIAGNOSIS & PROGNOSIS ¢
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Past Present Future

A )
f !

\

Observations Prognosis Bresldamr
R R S T T il e
afip
Initial state Diagnosis Action

Initial state: State distribution at the beginning.

Observations: Extracted data from sensors on the complex system.

Diagnosis: Identifying the current hidden health state of the system based on observations.
Prognosis: prediction of the future health evolution of the system considering
operating conditions.

Action: Plan maintenance.

Breakdown: System failure.
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Heath Aware Control Design e

Reliability/RUL
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Faultx T ﬂr‘l)

time

Tm represents period between fault occurrence
and the end of expected mission
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Consider the linear system as follows:

{x(k + 1) = Ax(k) + Bu(k) + w(k)
z(k) = Cx(k) + v(k)

with measured output and tracking control loop:

u(k) = —K12(k) + Ko (yref (k) — y(k))

{y<k> = Dx(k)
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Consider the degraded linear system as follows:
x(k+1) = Azx(k) + B(u(k) — d(k)) + w(k)

with Unknown degradation (dimension 1)

d(k) = ¢(x(k), u(k),0(k))

where ¢(-) is a nonlinear function
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Consider the degraded linear system as follows:
x(k+1) = Ax(k) + B(u(k) — d(k)) + w(k)
with Unknown degradation

d(k) = ¢(x(k), u(k),0(k))

where ¢(-) is a nonlinear function

d(k)
+ L y(/g

Yrer (K) controller———-process
- T e(k) u(k) g7
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Consider the degraded linear system as follows:
x(k+1) = Ax(k) + B(u(k) — d(k)) + w(k)

with Unknown degradation Remaining Useful Life

d(k) = ¢(x(k),u(k),0(k)) [E)K:n.afnic Behaviour

where ¢(-) is a nonlinear function

d(k)
+ 2 y(’g

Yrer (K) controller———-process
- T e(k) u(k) g7




PROBLEM STATEMENT ¢

Consider the degraded linear system as follows:
x(k+1) = Azx(k) + B(u(k) — d(k)) + w(k)

with Unknown degradation Remaining Useful Life

Dynamic Behaviour

d(k) = ¢(x(k), u(k),0(k)) Etc ...

where ¢(-) is a nonlinear function

Remaining Useful Life dynamics as: d( K )
s ; il
= y(K)
RUL(R) = 2@k ulk) gt controller}—sjprocess| ">
For tracking control as: 6(/() U(k) /
RUL(k) = ®(d(k), (yres (k) — y(k))

-« CNes - -




OUTLINES e

.+ CNes - -

e Our Solution




HYBRID PROGNOSTICS ENABLED SET POINT MODULATION STRATEGY

< RUL(K)
oy EKF based hybrid
((d(k)'o‘(k)) prognostics
- A A
<
d(k)
"~ K
Yrer (K) =2 controller(——-process y(;
'T e(k) u(k) 4
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HYBRID PROGNOSTICS ENABLED SET POINT MODULATION STRATEQY

RUL,r (k)
____ia..é

Set-pomt
modulation

RUL (k)
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(d(k)/a(K))

argmin| | ®| |

Ib<<ub

u(k)

Yrer (K)

-+

controller
“A e(k)

u(k)

d(k)
Y sl

>[process

EKF based hybrid
prognostics

y(K)
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e




DEGRADATION MODEL APPROXIMATION ¢
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Degradation model sensitive to system input but unknown ¢(-) so approximated by:

d(k) = e(Zizi vw@-ali=1.T%) 4 4, (1) Time + Cumulative « Energy »

(d(k + 1) =&t w@-at-1D.Te) g 4 1)
_o(Zim1 w()).a(i=1).Ts) o (u(k+1).a(k).Ts)

< + wq(k+1)

=d(k)e™ "1 E)Te) (ke +1)

la(k + 1) = a(k) + wa(k +1)

Recurrent formulation

dlk+1) =d(k)(1+u(k+1).a(k).Ts) + wa(k + 1)
a(k+1) = a(k) + wa(k + 1)
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EXTENDED STATE SPACE REPRESENTATION ¢
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State space representation included degradation becomes as:
zk+1)\ _ (A4 0p,2 (k)

(xd(k * 1)) B (Oz,n Ad(k:)> (md(k)) + Bu(k) + w(k)
z(k)\ _(C (k)

(zd(k)) - (cd) (md(@) + v(k)

where xd(k) = [d(k) @U‘C)]T

it {d(k +1) = d(k)(1 + u(k + 1).c(k).Ts) + wa(k + 1)

alk+1) =a(k) +wa(k+1)
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Algorithm 1 Algorithm for degradation estimation using
EKF
Input: Zdy, s Pk‘|k‘a U
Output: 74, .,
Initialisation : zq,, To|o, Fo|o
if (2 # 0) then
: — Ad(k)ibdklk

1z
2 :%dk:+1|k
3 Pk—|—1|k = J(k)Pk|kJ(k) + Q)
4 “dpy1e Cdxdk:+1|k

B Sk+1 = Hk+1pk+1|kﬂg+1 0y GRkJrlGT
6

¥

8

_ P e
Ki11 = PeyeHi 15541

Daiamis = Ppasipt Fepje Py — Zapie)
P pipett = Prgajpe — Krt1Spi1 K

0 Zdpyeqr = Cd‘f:dk:+1lk+1

10: end if

I1: return g, .,
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A = Current condition .
Failure

L e e e e e e e e e S
Acceptable Threshold

Dfail-.l---_-_l-__--l.-.-I-I-I-I-l-'

Deterioration

d(t)

Time
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A = Current condition

B = Maximum acceptable condition Fallu're

A F o e e e P S e e ;--.0
Acceptable Threshold B
Dfail  wem .l...._...p_l.._-....l...---_l--.-._.l.--.-l--__l-_-}” '
- -i
A - E
d(t) r §

Deterioration

d(t)




RUL DEFINITION ¢
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A = Current condition

: e Failure
B = Maximum acceptable condition ; =t .-
100% | e RUL(t) tB t
’ '
Acceptable Threshold B :
Dfail we .l...._...p_l..._-.....l....ris._lo.--._.l_..--l--.._l__-_}” ; But to is unknown
P However only
A e’ | deterioration level
d(t) r | has been fixed by

expert

Deterioration

d(t)




RUL PREDICTION OVER LONG TIME HORIZON ¢
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Algorithm 2 L-step ahead RUL prediction

Input: U
Output: RUL
Initialisation : L =0
1: |d(7),a(2)] =Algorithm l(zdk,PMk,uk)
P:ldrie ) = @i
3: while dp, (i) < do
4:  dp(2) =dp(2). T+ a&(e).u(z).Ty))
et L=L+T1T,
6: end while
= Rt =k
8: return RUL
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RUL PREDICTION OVER LONG TIME HORIZON ¢
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or based on | RULIE] = {weam — K ) Ls
formal equations

d(nfait) = d(k).(1 + a(k).u(k).Ts) Feit—F

d(nseir) = d(k).(1 + a(k).u(k).Ts)" dling) < e

log (i)

L= log (1 + a(k).u(k).Ts)

RUL(k) =L




HYBRID PROGNOSTICS ENABLED SET POINT MODULATION STRATEGY

< RUL(K)
oy EKF based hybrid
((d(k)'o‘(k)) prognostics
- A A
<
d(k)
"~ K
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HYBRID PROGNOSTICS ENABLED SET POINT MODULATION STRATEGY

Y rer (K)——3-O———>

RUL (k)
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<

((Q(k),“a(k»

-C

u(k)

-+

controller

d(k)
Y sl

'T e(k)

process

EKF based hybrid
prognostics

y(K)
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OPTIMIZATION-BASED SET- POINT MODULATION ¢
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w* (k) = argmin J(k) — J(k) = v.w(k)? + (1 —7). (RULTef(k) — R/U\L(lc))2

RUL(k) = ®(d(k), (yres (k) — w(k)) — y(k)))

Algorithm 3 Set point modulation based reconfiguration
strategy

Input: RULrefa Yrefs Y, Uk,
Output: w*
[d(k), a(k)] =Algorithm 1(zq, , Px, u)
2: if RUL(k) < RUL,.;(k) then
Jk) = ywk)? + 0 = 7).(BULs(k) —
Algorithm 2(u(k))?
4: such (b < w < ub
w*(k) = argmin(J(k))
6: end if
return w* (k)
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RUL,r (k)
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Set-pomt
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RUL (k)

.+ CNes - -

(d(k)/a(K))

argmin| | ®| |

Ib<<ub

u(k)

Yrer (K)

-+

controller
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Y sl
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EXAMPLE 1 — SYSTEM DESCRIPTION

Please consider the following academic example:

((z1(k+1)\  [—12 —20.02\ [z1(k) 1

< (i) = (37 707 () # (o) v wes
B x1(k)

2(k) = (0 2) (m(k)) + o(k)

With degradation  x(k + 1) = Ax(k) + B(u(k) — d(k)) + w(k)

where (k) = {O (k) < Kiim

(B(k) — K™ if®(k) > Kim

with ® (k) defined as:

N
O(k) = a1(k)
k=1
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EXAMPLE 1 - CLOSED LOOP

controller

d(k)
> al

process
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y(k)
>

u(k)

¥




EXAMPLE 1 — DYNAMIC BEHAVIOR IN CLOSED LOOP

¢

80 T | T T T
60 N
40— ]
20 =
0 | | | | | | l | | N
0 50 100 150 200 250 300 350 400 450 500
x10
T T T T T T
6 | 1 40
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T _
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e i oo g P B A R Sy S B
0 | I | I | I L | !
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system trajectory
— = —reference trajectory

= | | | | | | | |
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EXAMPLE 1 - EKF ¢
N\
< RUL(k)
oy EKF based hybrid
((d(k)'o‘(k)) prognostics
- A A
<<
d(k)
L k
Yrer (K) . controller——-process y(;
'T e(k) u(k) 4




EXAMPLE 1 — DEGRADATION ESTIMATION & RUL ¢
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HYBRID PROGNOSTICS ENABLED SET POINT MODULATION STRATEQY

RUL,r (k)
____ia..é

Set-pomt
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(d(k)/a(K))

argmin| | ®| |

Ib<<ub
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EXAMPLE 1 — DESIGN PARAMETER & CRITERIA ¢
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EXAMPLE 1 — DYNAMIC BEHAVIOR & DEGRADATION & RUL ¢
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35 ™ | T i =
1
30 .
25 e - . e o e o = -
20| |= = mreference trajectory -
e reference trajectory with optimization
15 1 | | I | | | |
100 150 200 250 300 350 400 450 500
80 | | T T T T |
s | with optimization o
&b [ = d without optimization|f —— ————— — — — — —— — — — B~ —— = d
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100 - RUL prediction with optimization =
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oLl I I I !
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EXAMPLE 1 — ANAYSIS ¢
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Two Criteria are defined:

EOLWithSt'rategy

Ig(y,ub) = x 100
BOL tthou rate
WatRoubStuategy w* (k) = argmin  J(k)
N
e AR v .
Ip(7y, ub) (Zy fy() 0 () x 100 J(k) = v.w(k)? + (1 — ). (R(]me(k;)—RUL(k))2
i=1 ney
. test | 4) 3 | 5 6 T 8
Parameter Sensitivies ~ [ 0.00I | 0.0 [ 01 [025 |05 ] 0.75 [ 09 [ 099
test | 1 [2] 3 (4] 5 |6 ! 8
ub | 15[ 3 [45 (6759|105 | 12




EXAMPLE 1 — ANAYSIS ¢

cnes
106 T T T T T T T T T
108 T T T T T
D
106 - . 104
104 | .y
102
102 - _
S
s [\
5 o Ip(0.1, ub) 8 100
© 100 - . =
5 —o— Iy (0.1, ub) =
98 - 7 98
96 - 7
96
94 - ,
D
94 I | I | | | I | |
92 I I I | ' 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0 2 4 6 8 10 12 gamma

; : ; g Figure 10. Indicators evolution for  variations
Figure 8. Indicators evolution for ©b variations £ 7
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Combinaison of both parameters




EXAMPLE 1 — ANAYSIS

-+ CcNes - -
Extension in seconds of system life for various combinaisons
-y/ UB 1.5 3,0 4.5 6,0 7.5 9,0 10.5 12,0
0.010 6.49 12.7 18.30 22.53 26.10 30.07 34.53 39.54
0.100 6.49 12.69 18.25 22.40 25.87 29.70 33.89 38.41
0.250 6.43 12.40 17.44 20.64 23.24 25.77 28.13 30.06
0.500 6.29 11.76 15.64 17.18 18.28 18.88 18.91 18.92
0.750 5.88 9.77 10,00 10,00 10,00 10,00 10,00 10,00
0.900 4.64 4.75 4.75 4.75 4.75 4.75 4.75 4.75
0.990 1.85 1.81 1.81 1.81 1.81 1.81 1.81 1.81
0.999 0.17 0.17 0.17 0.17 0.17 0.17 0.17 0.17
Legen
<10s <20s <30s <40s

Note: The system without HAC fails after 443s.




REUSABLE LIQUID ROCKET ENGINE - RLRE ¢
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LOX Trput | &5
.

Dorme LOX ]LH2 ]r,edct:
. Wmoi ‘VS',‘W ) LOX Injector] /
.
1 :
[Lox pump shaftl I Chamber l
: 4

[th [ oF."| of I

LH2 Input |

j Boemai ating
Clircait

[ 42 pump |

\ lecl
\

| |Chamber wall I LH2 pump shaft

Simulation Engine: CNES RT-NT-2510000-CNES



RLRE - DEGRADATION

Degradation

« R
. . Dome LOX| [LH2 Injector
LOX pump valve - T
s - ;L LOX [h)ector/

[LOX pump shaft] I Chamber |
: throat

nozzie I

Hotte, F., Sethe, C. V., Fiedler, T., Haupt, M. C., Haidn, O. J., & Rohdenburg, M. (2020).
Experimental lifetime study of regeneratively cooled rocket chamber walls. International
Journal of Fatigue, 138, 105649.

Chamber wall I LH2 pump shaft

Degradation is the appearance of cracks
in the combustion chamber.

This leads to fuel leaking from the Leak will affect the efficiency on combustion and so the
regenerative circuit into the combustion dynamic performance of the closed loop
chamber.
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RLRE - DEGRADATION ¢
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RLRE - WITHOUT OPTIMIZATION ¢
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RLRE - WITH OPTIMIZATION
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RLRE — REFERENCES ¢
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|
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Trade-off between dynamic performance and RUL has been proposed

Degradation model estimation

FDI Robustness has been assumed

Uncertainties on RUL estimation have been omitted
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PERSPECTIVES — RUL with uncertainties x

400 i : : | |
RUL IFORM p=0.05
RUL IFORM p=0.95
350 Predicted RUL
300 |- 5% de la distribution
de la probabilité de la RUL
250 |
Eé 200 -
150 I 90% de la distribution
de la probabilité de la RUL
100 — il

95% de la distribution
de la probabilité de la RUL
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