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Part 1. Generalities
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1. A short presentation of our lab

The CRAN was set up in Nancy (France) in
1980. It totals 200 persons. The research
activities concentrate on 3 themes :

- Control, Identification, Diagnosis
- Sustainable Systems Engineering
- Health, Biology, Signal

The < Centre de Recherche en el
Automatique de Nancy > is a Biology
Research Centre funded by the Signal
" Centre National de la .
Recherche Scientifique (CNRS)" Sustainable

X o Systems
and two universities in Nancy : Engineering
UHP (Universit.é Henri .Poincaré) Ideifc)i?itcr:tlion
and INPL (Institut National Diagnosis

Polytechnique de Lorraine).
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2. Control and diagnosis

Reference

)

Diagnosis

Design of the process Process
gj} @j g? Mesurement
—>
Model Prediction

(1) = f (2(8), u(?))
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2. Control and diagnosis

For the elaboration of a global approach for the design and
the operation (supervision, maintenance, reconfiguration)
of complex automated industrial systems, it is necessary :

» to guarantee the system safety
» to forecast alternate modes
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2. Control and diagnosis

For the elaboration of a global approach for the design and

the operation (supervision, maintenance, reconfiguration)

of complex automated industrial systems, it is necessary :
» to guarantee the system safety

» to forecast alternate modes

For that purpose, we need :

> to detect functioning modifications

v

to detect any fault

v

to isolate the faults
to identify the faults
> to compensate the faults

v

Moreover, it would be interesting

> to analyze the severity of the faults

> to make a prognosis of the fault evolution
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3. A very simple multiple model
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3. A very simple multiple model

15 15
10 Data to adjust oo 10 Data to adjust
and multiple model
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e
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and its local models

5
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Local model 1:y; =17.4x+27.9
Local model 2: y, =11.5x—17.3

Weight. function: L3 = exp (— (

X+2)2 y(x) = Ha(x).y1(x) + p2(x).y2(x)
2

Each of the two local models has a physical meaning. ‘
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3. Multiple model and local functioning interpretation

15 15
10 o 10 Data to adjust
. 00 and multiple model
5 Data to adjust Correlation : 0.98

-2 -1 [} 1 2 -2 -1 o 1 2

1
10 Multiple model w—pl\

and its local models

Local model 1: y; =0.0001x+1.32
Loca model 2: y, = 67.4x —98.77

(x) = Ha(x)-y1(x) + pa(x).y2(x)
Weight. function : p; = exp <— (X+0'8>2> g 3 3

7.1

The two local models have no physical meaning. However, the

approximation of the experimental data is quite satisfactory.
8/45



4. Motivations : complexity of processes

» The multimodel approach
supposes the definition of a set
of local models which make
possible to replace the unique
model by a set of simpler
models. M 1

» Each local model describes the \ a—
behavior of the considered
process around a specific
operating point. /

» Moreover, it is possible to move M3
from one operating point to
another one by using an
adequate interpolation
mechanism.
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2. General multi-model
approach
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5. Some thesis of our laboratory
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1998.
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cours), 2013.



6. Principle of multiple models (Takagi-Sugeno)

» Operating range decomposition in several local zones.

» A local model represents the behavior of the system in a
specific zone and for a specific regime.

» The overall behavior of the system is obtained by the
aggregation of the sub-models with adequate weighting
functions.

&y

Operating

space

&(t)
Nonlinear system Multiple Model representation
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6. Obtaining the Takagi-Sugeno’s model

We collect data on a system Direct identification of the parameters

13/45
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Mesures : xx,yx,k=1...N

y = H1-y1(x) + pa-y2(x)
Model yn=ai.x+b yr=arx+b
pi=exp(x—m) [o=1—p

— al,bl,ag,bg,m

Problem to be solved :

- number of local models
- structure of the weighting functions




6. Obtaining the Takagi-Sugeno’s model

We already have a model

y = x3.sin(x) — x.log(x*+4)

13/45

Transformation of the existing model

y = Hyi(x)+ He.ya(x)
yi :al.x—l—bl ygzag.x—l-bg
M =exp(x—m) Ho=1—p

Problem to be solved :

- determination of the variable bounds
- structure of the weighting functions




6. Get the structure of a dynamic MM system

» Non linear state equation

{ X1 = X1 +x1.%+2.u % — o)

X0 = )(f +u
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6. Get the structure of a dynamic MM system

» Non linear state equation

{ X1 = X1 +x1.%+2.u % — o)

Xo = )(f +u

» State vector

» The system is nonlinear, difficult to use, but ...
» A quasi LPV form

&) = () G) ()

X = A(x).x+B.u

o - (7))
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6. Exercise : get the structure of a MM system

» LPV form

X1 =x1+x1.x0+2.u (1 x (2
LEzas ™ sy Bl 5=
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A useful decomposition : if x; € [a b], it is always possible to write :

\{

X1 —a b—X1
b
b—a + b—a

X1 = a

> In a more concise way :

X1 —a
o= () bti()a  me)=5— M —

v

Thus : < 1 pi(x) b+ ta(x) a
p1(x) b+ pa(x) a 0

A = ml(y o)+t (d )

Finally, the MM form obtained without loss of information :

A(x)

v
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x=A(x).x+Bu — |x= z Hi(x) (Aix + Bju)
i=1
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7. Multi-model or Takagi-Sugeno’s model

Basic model

e Structure of the model

0<pi(&(t)) <1,Ve,Vie{l,..r}

e The premise variable (t) can be
measurable or not : y(t), u(t), x(t)

16/45

M1 & H2
e
s A
M3



7. Multi-model with coupling effect
Structure with coupling effect
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7. Multi-model with decoupled states
Structure with decoupling effect

» Structure of the decoupled multi-model

{ %i(6) = Ai(0) + Bu(t)
yi(t) = Gixi(t) )

x(t) =y Hi(&)xi(t) _
{ y(t) =31 1i(&)yi(t) with

18/45



8. Multi-model : saturated control

X(t) = Ax(t) + Busa(t)

A Usat(t)
u(t) if Umin < u(t) < Umax R S
Usat = Umax If U(t) > Umax
Umin if U(t) < Umax > u(t)
== Umin
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8. Multi-model : saturated control

X(t) = Ax(t) + Busa(t)

A Usat(t)
u(t) if Umin < u(t) < Umax R
Usat = Umax If U(t) > Umax
Umin if U(t) < Umax > u(t)
~--1 Umin

Usat(t) = M1 () Umin + Mo () u(t) + U3(t) Umax
W) = 1.— sign(uz(t) — um,-n).
() = sign(u(t) — tmin) —2 sign(u(t) — Umax)
w(t) = 1+ sign(uét) — Umax)

usat(t) = Z?zl I'lf(t)(afu(t) + b')
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8. Multi-model : saturated control
Transform a saturation function into multi-model form

A Usat(t)
Umaz [====== —
> u(t)
~--1 Umin
x(t) = Ax(t) + Busat(t)

usat(t) = Zlui(t)(aiu(t) + bl)

8

X(t) :AX(t)+B.ZIJ,'(t)(a,'U(t)'i‘b,')
3 =1

x(t) =3 Wi(t)(Ax(t) + Biu(t) + Ei)

i=1
v
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8. Multi-model : time varying parameters
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8. Multi-model : time varying parameters

Transform varying parameter into multi-model

o(t) 9292_ eé . eé;)_—efh o
H1(6(1))61 + 12(6(1)) 62
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8. Multi-model : time varying parameters

21/45

6, — 6(t) 6(t)— 6,

o(t) = 6+
)="%—9 %+ 5 g
= u1(6(t)) 61 + 12(6(1)) 62

6

vy

System into multi-model form

x(t) = (Ao + 6(2)A)x(t)

= (Ao + i Hi(t)6; A1 )x(t)

Hi(t)(Ao + 6;A;)x(t)

I
Mo

Il
il

I
M
E
&
>
x
&

Il
il

A\




9. Stability analysis of a multi-model

An important concept for state
estimation and control systems

- not only for stability test
- but also for control design

Theorem .
[ Theorem | ~ and also for observer design

The multimodel

r

x(t) = 3 wi(&)Aix(t)

=

is globally asymptotically stable if
there exists P = PT > 0 such that :

AP+ PA; <0
ATP+PA, <0

ATP+PA <0

22 /45



3. Process diagnosis |
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10. Observer / Diagnosis / Control

The link between Observer / Diagnosis / Control

A
&2
Out of control

I Unacceptable _ /

Degraded

| —

Specified
performance

&

e Estimate the state of the system
e Estimate the performance of the system
e Decide to take an action

24 /45



10. Observer

» State and output observer

u(t) —T > System >
L (t)

Observer 5 C __,
>
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10. Observer

» State and output observer

» State and output observer, with unknown input

u(t) —|:: System L >
z(t) c

Observer —
Ty (1)
u(t)

25 /45



10. The observer design

y()

u(t) —T > System >
L (1)

Observer 5 C __

B(0)

Model of the system

P { ()= 5 W(E(E) (Ax(e) + Biu(2))
()= ()
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10. The observer design

y(t)
u(t) —T > System >
L (1)
Observer 5 C __
B(0)

P { ()= 5 W(E(E) (Ax(e) + Biu(2))
()= ()

<

, { 5(0)= 5 W(E(E) (AR(E) + Bru(®) + Li(y() = 5(¢)
y(t) = Cx(t)

26 /45



10. State estimation. First situation : & is known

» System
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10. State estimation. First situation : & is known

» System

» Observer : state estimation
X(6)= 5 (&) (A(0)+ Bu()+ Li (y(1) = 5(1))
7(8)= 3 w(E)Cx(1)
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10. State estimation. First situation : & is known

» System

» Observer : state estimation
(1) = ﬁ (&) (Aik(t) + Biu(t) + Li (y(t) — 9(¢)))
y(t)= leli(f)ci?(t)

» State error

{ x(t) = x(t) — x(t)
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10. State estimation. First situation : & is known

» System

Observer : state estimation
X0 = 5 w(&) (AX()+ Bu(t) + Li (y(6) = 7(1)))
7(8)= 3 w(E)Cx(1)

v

v

State error
x(t) = x(t) — x(t)
(t)= 3 W(E)A - LOX(H) -

i=1
Conditions for stability — LMI Toolbox MATLAB
(Ai—LiC)TP+P(A—L;,C)<0, i=1,..r

v

27 /45



11. Principles of process diagnosis

p(t) Perturbation

f(t) Fault l v

y(t)
u(t) > System >
‘ Detection f (t)
— Observer filter  F—»
g SR 0 W
Goal estimate the state of a system
detect the occurrence of faults f(t)
Difficulty influence of some perturbations p(t)
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where W(.) is a filter that must be properly designed
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11. Principles of process diagnosis

p(t) Perturbation

f(t) Fault l \

A

u(t) > System >
‘ Detection f (t)
— Observer filter  F—»
g SR 0 W
Goal estimate the state of a system
detect the occurrence of faults f(t)
Difficulty influence of some perturbations p(t)
Residual signal indicating the occurrence of a fault f(t)

r(t) =W (y(t)—9(t)), rez" W()ecz"r

where W(.) is a filter that must be properly designed

Fault detection
Fault isolation
Fault characterization

analyze residuals in order to detect a fault 7(t) :
locate where the fault occurred
try to estimate f(t) from r(t).

28/45




11. Process diagnosis in the multiple-model framework

p(t)  Perturbation
f(t) Fault L

u(t) System
‘ Detection f(f)
Observer filter  F—»
L - w

A faulty disturbed system
X(8) = 3 I(E(0) (Ax(e) + Bu()+ Eip() + Ff (1))

y(©)= 3 WEONGD+  +Gp(t)+RAD)

o f(t) : fault vector
e p(t) : perturbation or disturbance vector.

A\

Problem to solve

e Estimate the state of the system

e How to detect and localize the fault 7

e Adjust the control u in order to minimize the influence of the fault 7
e Try to be insensitive to the perturbation p

A\
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11. Process diagnosis in the multiple-model framework

» Generally, a fault detection system consists of two main parts :
- a residual generator
- a residual evaluator.

30/45



11. Process diagnosis in the multiple-model framework

» Generally, a fault detection system consists of two main parts :

- a residual generator
- a residual evaluator.

» Observer based residual generator :

k(1) = jluf(f(t))(Af?(tH Biu(t)+ Li(y(t) - 9(1)))
§(t) = CX(t)
r(t) = M(y(t) - §(t))

where r(t) is the residual signal which will be designed in order to indicate

the presence of the fault f(t).
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11. Process diagnosis in the multiple-model framework

» Generally, a fault detection system consists of two main parts :
- a residual generator
- a residual evaluator.

» Observer based residual generator :

Q

k(1) = > H(EONAX(E)+ Biu(t) + Liy(6) - 9(8)
§(t) = CX(t)
r(t) = M(y(t) - §(t))

where r(t) is the residual signal which will be designed in order to indicate
the presence of the fault f(t).

» Objective of the design : adjust the gain L; and M in order to :
- minimise the transfer from the perturbations p(t) to the residual signal r(t)
- maximisethe transfer of the faults f(t) to the residual signal r(t).
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11. Process diagnosis in the multiple-model framework

» State reconstruction error :

» Residual :

31/45



11. Process diagnosis in the multiple-model framework

» State reconstruction error :
x(t) = x(t) —x(t)

» Residual :
r(t) = M(y(t)—y(t))

» After straightforward calculation, we deduce :

{ x(t) = Agx(t) + Egp(t) + Fef(t)
r(t) = CeX(t) + Ggp(t) + Re df (t)

where the matrices Ag, Eg, Fg , CE, GE and R depend on the
observer-detecteur parameters L; et M.

31/45



11. Process diagnosis in the multi-model framework

» Expression of the residuals :

r(t) = Guap(t) + G f(t)
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11. Process diagnosis in the multi-model framework

» Expression of the residuals :

r(t) = Guap(t) + G f(t)

Ce | G

As | F
Gr— [_E_E]

Ce | Re

> Detection : adjust the gains of the
observer in order to maximize the
gain of G,.
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11. Process diagnosis in the multi-model framework

» Expression of the residuals :

r(t) = Guap(t) + G f(t)

Ce | G

As | F
Gr— [_E_E]

Ce | Re

» Detection : adjust the gains of the
observer in order to maximize the
gain of G,.
» Robustness : adjust the gains of
the observer in order to reduce the
gain of G,. ol

u(t) y(t)
———»| System ‘
Residual
»| generator
Robust F(t)

Filter | o
M, W,

32/45



11. Process diagnosis in the multi-model framework

» Expression of the residuals :

r(t) = Grap(t) + Grrf(t) » To ensure a compromise between the
Al E goals of detection and rejection, the
Gp = [ CE G—E] design consists in obtaining L; and M
¢ &

which minimize the quantity

A | Fe ayr + (1 —a)ys where a € [0 1] subjected
Grr = [TER—E] to the following constraints :
» Detection : adjust the gains of the | Grr — Wr ||o< V¢
ob.server in order to maximize the | Gop [l < Ve
gain of G,.

Residual generator is stable
» Robustness : adjust the gains of 9

the observer in order to reduce the

. t t
gain of Gyp. P<>l lm)
: : u(t) y(t)
> In order to avoid a mixt problem | ‘
max_min, let us consider an ideal P
. M
residue :

Robust F(t)
filter |
M, Wy

F(t) = Grpp(t)+(Grf_ Wf)f(t)

32/45



11. Diagnosis approach using multi-model

» System perturbed by faults

x(8) = 3 (&) (A x(t) + B u(t)+E; p(t) + F; (1))
y(t) = Cx(t) + +G p(t)+R f(t)

33/45



11. Diagnosis approach using multi-model

» System perturbed by faults

{ 5= 5 1A X(0)+ B, u(t)+E; p(e) + F; £(0)
y(t)= Cx( )+ +G p(t)+ R f(t)

» Let consider a 3rd order MM with two faults and one perturbation

0.5 1
E-| 1 |.B=]o03 ,G—{Of]
1 0.5
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11. Diagnosis approach using multi-model

» System perturbed by faults

{ 5= 5 1A X(0)+ B, u(t)+E; p(e) + F; £(0)
y(t)= Cx( )+ +G p(t)+ R f(t)

> Let consider a 3rd order MM with two faults and one perturbation

0.5 1
E—=| 1 |.B=]o03 ,G—{Of]
1 0.5

01 01
C_“(l)i],ﬁ_ 00| R=|01 ,R_Hg]
01 00
» Fault fi(t) acts on the 1st sensor. Fault f>(t) affects the 3 states.

The disturbance d(t) acts on the 3 states and the 2 sensors.
» The weighting functions L; :

{ Ha(u(t)) = 1‘ta“h((“§f)—1)/10)
po(u(t)) = 1— p(u(t))

33/45



11. Diagnosis using multi-model representation

u(t y(t
® System L @
Residual fil)
»| generator f A
Robust | 7(t) r )l l lfz( )
filter | —» ult o(0)
M, Wa System
L‘ Residual
# e, % generator
of — s s, Robust. | 7.(;
T e Ly| filter _’n()
it 1 M;, Wa,
—p 1D il ]
> generator
quust #(t)
Ly filter |—»
M, Wy,

F1GuRrE: Dedicated filter for detection
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11. Diagnosis using multi-model representation

A second simulation is performed for fault estimation.
Wre is then an identity matrix.

{

(t) = G p(t)+ G f(t)
(t) = Gp p(t)+(Grf_ I) f(t)

~

F1GuRrE: Comparison of the faults (dashed lines) and residual signals (solid lines)
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12. Some definitions
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The link between Observer / Diagnosis / Control

&2

A

A

Out of control

I Unacceptable _ /

Degraded

| —

Specified
performance

&




12. The different steps of Fault Tolerant Control

Estimation of the faulty measurement P ”
Compensation of the sensor fault [CLOSTLC
[
Controllability without the faulty actuator ? . F aul}f
isolation
- Fault
Controllability of the faulty system ? -
. Fvents
Re-design the controller classi fication
- < Fuvents
Change the objectives T v -
Stop process urgently m
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12. Fault Tolerant Control (FTC)

In the presence of faults, FTC possess the ability to :
e detect and accommodate the faults

e maintain overall system stability

e maintain < acceptable > performances

1 1
1 1
| | Reference |« Residual !
\|re — design < analysis !
! Controller |
p re — design T !
| :
! Residual i
! generator !
IS AN (R S SOt S L}
E"""ir""""'"""?r """"""""""""" "i
Objective | | Reference ]
——| generator > Controller | Output
1
Faults Plant E >
1 1
: 1 ]
1 1
1

FI1GURE: Reconfiguration structure
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12. Fault Tolerant Control (FTC)

> System

{ zu, D) (Ax(e) + Bi(u(t) + (1))
y(e) = Cx(e)+RF(t)
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12. Fault Tolerant Control (FTC)

> System

{ zu, D) (Ax(e) + Bi(u(t) + (1))
y(e) = Cx(t)+RF(t)

» Reference model

{ (1) zu, xe(8)) (A (£) + Biur (1))
yr(t) —er(t)
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12. Fault Tolerant Control (FTC)

> System

{ zu, D) (Ax(e) + Bi(u(t) + (1))
y(e) = Cx(t)+RF(t)

> Reference model Reference] Tr(t)  2(0)  ["gtape
model observer
{ Xr(t) Zu, xr(t))(Aixr(t) + Biur e o
R observer
yr(t) = Cx,(t) "f(t)
w(t y(t
() | Controller System vt
» Control law 0 T

u= d+ Ky (x u
Z( +Kai(xr = %) + ur) FicURE: Fault tolerant control structure

Ui (R) (A& + Bi(u+d) 4+ Hyi(y — 9)

x>
I
Mau

1

Hi(R)Hoi(y —¥)

>
[

)

>lM°
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12. Fault Tolerant Control (FTC)

-1 1 1
A=] 1 =3 0|A-=
2 1 -8
1
0.5},
0
-05
True and reference state X
_l L L n n
0 2 4 6 8

F1GURE: Reference state, faulty state
without FTC
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FIGURE: Fault

Nominal control
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F1cUrRE: Nominal control



12. Fault Tolerant Control

1 . . . . )
0 1 .
. Reference and estimated state X, 1 Melandlesumatediiait
0 2 4 [ 8 10 0
1 . . . :
0 2 4 6 8 10
0 4
Reference and estimated state x, .
-1 - - - 2 FI1GURE: Fault and estimated fault
0 2 4 6 8 10
1 . . . .
° W
1 ‘Reference‘and estimqted state x, s ]
0 2 4 6 8 10

F1GURE: Reference state, faulty states
with FTC

F1GURE: Nominal control and FTC
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13. To conclude

What is possible to do with multiple models ?

» Complexity reduction without loss of information
» State observer of a non linear system

» Unknown input observer

v

Fault detection, isolation and estimation

\{

Fault tolerant control

Perspectives

» Reducing the effect of measurement noise
» Dealing with large scale systems

42 /45



» Model of the system

Y

x(t) — My or My — y(t)

y(t) = foro ((t))

» Problem : knowing only the input
x(t) and the output y(t) of the
system, is it possible to find the
switching between the two modes
M1 and M2 ?

» Hypothesis
{ M, y(t) = al.x(t) + b1

Idea?

13. A difficult problem : detection of regime changes

8
6
Input x

a
2l
o

o 20 40 60 80 100 120
8
6 Output y
all
ol
o

o 20 40 60 80 100 120

» Where is the switching time
instant 7

» What are the values of the models
parameters ?



Thank you for your attention

Vitrail de J. Griiber, Ecole de Nancy, 1904
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Additionnal Informations

José RAGOT Professor in Automatic Control
http://perso.ensem. inpl-nancy.fr/Jose.Ragot/
jose.ragot@ensem.inpl-nancy.fr

% National Centre for Scientific Research
http://www.cnrs.fr/
UNIVERSITE Université de Lorraine
DE LORRAINE http://www.univ-lorraine.fr//

Research Center for Automatic Control

http://www.cran.uhp-nancy.fr/
CRRAN P prmeney
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