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Abstra
t SY 152: Observer based Model Predi
tive Control ... dufour�lagep.univ-lyon1.frOutlineObje
tive: provide a real-time 
ontroller for pro
esses modeled byPartial Di�erential Equations:� in order to solve any optimization task (i.e. : optimize produ
tivity,de
rease pro
essing time, ...) ,� while in
luding any pro
ess limitations (i.e. : a
tuators saturation,safety 
onditions, limiting operating 
onditions, ...).Solution: a model based predi
tive 
ontrol (MBPC) approa
h.,! Ne
essary to redu
e the time required by the on-line 
ontrollersin
e we have to:� solve an on-line 
onstrained optimization problem,� handle a nonlinear dynami
 PDE model,� estimate unavailable measurements with a software sensor.LAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 2
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tive Control ... dufour�lagep.univ-lyon1.frInfrared drying pro
ess of painting �lm [Blan
 et al., 1998℄
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Energy balan
e [Blan
 et al., 1997℄8><>: (�pCp(��; T )ep + �sCses)�T�t = � 5Pi=1Pi + Pabs; t > 0T (0) = T0 (1)

with the losses Pi:8>><>>: P1 = h
(T � Tb); P2 = �2(T 4 � T 4b )P3 = h
(T � Th); P4 = �4(T 4 � T 4h)P5 = lv(T ) _m(��; T ) (2)

and the absorbed infrared �ow:Pabs = �ir(��)'ir(t) (3)

LAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 5



Abstra
t SY 152: Observer based Model Predi
tive Control ... dufour�lagep.univ-lyon1.frMass balan
e [Blan
 et al., 1997℄

8>>>>>>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>>>>>>:
���t = ��z [Deff (�; T )���z ℄ for 0 < z < ese
; t > 0with Deff (�; T ) = D0exp(�a� )exp(�EaRT )(1+��)2with the boundary 
onditions :�Deff (�; T )���z = _m(��;T )� for z = ese
; t > 0���z = 0 for z = 0; t > 0with the initial 
ondition:�(z; 0) = xi(z) for 0 � z � ese


(4)
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Nonlinear dynami
 PDE model (SNL)

8>>>>>>>>>>>><>>>>>>>>>>>>:
�xm�t = Fd(xm) for 0 < z < ese
; t > 0

Fb(xm; u) = 0 sur for z 2 f0; ese
g; t > 0

ym = Cxm sur for z = 0; t > 0

xm(z; 0) = xi(z)

(5)

the state ve
tor is xm(z; t) = (T (t); �(z; t))T , the manipulated variableu(t) is the infrared �ow 'ir(t). The output variable ve
tor is ym(t).
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tive Control ... dufour�lagep.univ-lyon1.frKey issue for the drying pro
ess:Software estimation of unmeasured state variables� De�nition: Observers are algorithms used to estimate variableswhi
h are not measured or 
an not be measured.� 1. Observer design: two informations about the pro
ess are needed:� its theoreti
al behaviour: a model,� its experimental behaviour: the on-line available measurements.� 2. Experimental validation of the observer: real dynami
measurements are �rst needed. Here, whi
h new additional devi
es
an we use to get the humidity pro�le inside the low thi
knesspainting sample ?� 3. Use of the observer: the estimated pro
ess humidity pro�le^�p is then used by the 
ontroller.LAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 8
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tive Control ... dufour�lagep.univ-lyon1.frMPC framework: main features� Key idea: fore
ast future pro
ess behavior: a model is needed.? Histori
ally, models obtained from experimental step responsewere used: simple but lo
al,? Now, use of �rst prin
iple models: 
omplex but more global.� On-line de
ision level: need to solve an on-line 
onstrainedoptimization problem over the future window, based on the model:? Need to redu
e the on-line 
omputational burden,? Need to handle 
onstraints.� In the 
losed loop stru
ture, proof of stability are needed.=) Our approa
h: expli
ity handle a nonlinear dynami
 PDE modelin a MPC strategy, and redu
e the on-line 
omputational burden.LAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 10
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onstrained optimization problem

8>>>>>>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>>>>>>:
min�~u J(�~u) = 1Np j=k+Np�j=k+1 g(yref (j); xref (j);�ym(j);�xm(j); ey(k); ^ex(k))�~u = [�u(k) ::: �u(k +N
 � 1)℄T

(STV L)
8>>>>>>><>>>>>>>:
��xm�t = �Fd�xm�xmj(S0) for 0 < z < ese
; t > 0�Fb�xm�xmj(S0) + �Fb�u �uj(S0) = 0 for z 2 f0; ese
g; t > 0�ym = C�xm for 0 � z � ese
; t > 0�xm(z; 0) = 0 with for 0 � z � ese
�umin � �u(j) � �umax�(�umin) � �u(j)��u(j � 1) � �(�umax)
i(yref (j); xref (j);�ym(j);�xm(j); ey(k); ^ex(k)) � 0 (i 2 I)

(6)
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tive Control ... dufour�lagep.univ-lyon1.frConstraints on the manipulated variable:a transformation method [Flet
her, 1987℄From the 
onstrainted variable �:�min � � � �max (7)an un
onstrained variable p is de�ned su
h that:� = f(p) = 12(�max + �min) + 12(�max � �min) tanh(p) (8)
p

��max
�minLAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 13
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Constraints on measured and estimated variables:external penalty method [Flet
her, 1987℄

8>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>:
min� Jtot(�) = J(�) + w H(
i(�))) (i 2 I)� 2 IR�; w > 0H(
i(�)) = Pi2Ihi(
i(�))here hi is any C1 fun
tion (at least) su
h that:� hi(
i(�)) = 0 if 
i(�) � 0 (i.e. when the 
onstraint is satis�ed or saturated)� and hi(
i(�)) > 0 if 
i(�) > 0 (i.e. when the 
onstraint is not satis�ed)here: hi(
i(�)) = max2(0; 
i(�))

(9)
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tive Control ... dufour�lagep.univ-lyon1.frConstraints on measured and estimated variables:external penalty method [Flet
her, 1987℄
x

H J
CLAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 15



Abstra
t SY 152: Observer based Model Predi
tive Control ... dufour�lagep.univ-lyon1.frFinal un
onstrained optimization problem8>>>>>>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>>>>>>:
min�~p Jtot(�~p) = 1Np j=k+Np�j=k+1 g(yref (j); xref (j);�ym(j);�xm(j); ey(k); ^ex(k))�~p = [�p(k) ::: �p(k +N
 � 1)℄Tbased on the transformation method: u
 p; �u
 �p

(STV L)
8>>>>>>>>>><>>>>>>>>>>:
��xm�t = �Fd�xm�xmj(S0) for 0 < z < ese
; t > 0�Fb�xm�xmj(S0) + �Fb�u �uj(S0) = 0 for z 2 f0; ese
g; t > 0�ym = C�xm for 0 � z � ese
; t > 0�xm(z; 0) = 0 with for 0 � z � ese


(10)

=) Optimization problem solved by the Levenberg-Marquardt's algorithm.LAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 16
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tive Control ... dufour�lagep.univ-lyon1.frSimulation results:optimization problem ta
kled for the drying pro
ess

8>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>:
Minimize the drying time, hen
e maximize the drying rate _m(��; T ):max'ir J('ir) = 1Np j=k+Np�j=k+1 [ _m(��(j); T (j))℄2A

ounting for the infrared �ow limitations:magnitude: 0 W:m�2 � 'ir(j) � 12000 W:m�2velo
ity: � 500 W:m�2 � 'ir(j)� 'ir(j � 1) � +500 W:m�2A

ounting for a state 
onstraint:�(0:8ese
; j)� �(0:9ese
; j) � 0:014 kg:kg�1Stop the pro
edure when the sample is dry: �(z; j) � 0:01 8z

(11)
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lusions� A real-time model based predi
tive 
ontrol for pro
esses modeledby PDE has been shown:� to solve any optimization task,� while in
luding any pro
ess limitations.� For the drying pro
ess:� in�uen
e of the estimated di�eren
e of humidity over dryingtime optimization has been shown,� any spe
i�ed 
onstraints based on input, measured outputs andestimated unmeasured variables may be expli
itly a

ounted for.Perspe
tives: Experimental observer validationWhi
h new additional devi
es 
an we use to measure the humiditypro�le inside the low thi
kness painting sample ?LAGEP University Claude Bernard Lyon 1-UMR CNRS 5007 19
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tive Control ... dufour�lagep.univ-lyon1.frReal time aspe
t: variation modelA model linearization about (S0) (u0; x0; y0), with variations s.t. :8>><>>: u(k) = u0(k) + �u(k)xm(k) = x0(k) + �xm(k)ym(k) = y0(k) + �ym(k) (12)

leads to (STV L):8>>>>>>>>>><>>>>>>>>>>:
��xm�t = �Fd�xm�xmj(S0) for 0 < z < ese
; t > 0�Fb�xm�xmj(S0) + �Fb�u �uj(S0) = 0 for z 2 f0; ese
g; t > 0�ym = C�xm for 0 � z � ese
; t > 0�xm(z; 0) = 0 for 0 � z � ese


(13)
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Internal model 
ontrol stru
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