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Abstract

The visual servoing control approach is formulated for the flow control of the plane
Poiseuille flow. Generally, the flow control can lead the flow from its current state to
a desired state. In transition to turbulence, the growth of kinetic energy density can
lead the flow to turbulence. Moreover, the drag reduction is a potential application in
the engineering applications. Therefore, this thesis aims to minimize the kinetic energy
density and the skin friction drag.

The governing equations of the plane Poiseuille flow are modeled to a standard form
in the automatic control. More precisely, the partial differential equations of the plane
Poiseuille flow are transformed to a state space representation by using the spectral
method. The streamwise and spanwise directions are discretized based on the Fourier
series while the wall-normal direction is discretized based on the Chebyshev polynomi-
als. The state vector involves the wall-normal velocity and vorticity. The control signals
depend on the inhomogeneous Dirichlet boundary conditions which correspond to blow-
ing/suction boundary control. The number of independent control signals is called the
number of the degree of freedom. Moreover, the skin-friction drag and the kinetic en-
ergy density are modeled as a function of the state vector. The goal is to minimize both
the skin-friction drag and the kinetic energy density by appropriate methods.

The linear feedback control, in general, is designed for the plane Poiseuille flow based
on its linearized model.

The dimension of linearized plane Poiseuille flow is large, therefore, we need to
reduce the order of controller. We demonstrate that the control law based on a mode
reduction can be applied for the full system. Moreover, the kinetic energy density almost
will monotonically decreases in time even using two degrees of freedom when the visual
servoing control is designed based on the model order reduction.

Key words: flow control, visual servoing control, optimal control, model order
reduction, Navier-Stokes equation, plane Poiseuille flow, spectral method.






Résumé

Cette thése a pour but I’étude de la mise en ceuvre de commandes par asservissement
visuel pour le controle actif d’un écoulement de Poiseuille. D’un point de vue général, le
controle d’écoulements vise a modifier ou & maintenir I’état de I’écoulement, malgré une
éventuelle perturbation extérieure. Une des situations d’intérét concerne par exemple la
transition vers la turbulence ot ’écoulement peut devenir turbulent avec la croissance de
sa densité d’énergie cinétique. La réduction de la trainée est également une application
potentielle dans des problémes d’ingénierie. Un des buts applicatifs de cette thése
cherchera ainsi & minimiser & la fois la densité d’énergie cinétique et la trainée.

Des modéles numériques peuvent étre utilisés pour générer un modéle d’état des
équations aux dérivées partielles d’un écoulement de Poiseuille. Le modéle d’état con-
sidéré dans cette thése s’appuie sur une représentation spectrale afin de transformer
les équations aux dérivées partielles originelles en un systéme d’équations différentielles
ordinaires. Le vecteur d’état rassemble dans notre cas la vitesse et la vorticité. Les
signaux de commande dépendent eux de conditions aux limites de type Dirichlet non
homogeénes qui correspondent & des actions de soufflage /aspiration. Le nombre de degrés
de liberté commandé du probléme correspond & la dimension du signal de commande.
La densité d’énergie cinétique et la trainée sont modélisées en fonction du vecteur d’état
et du signal de commande.

Dans cette thése nous avons plus particuliérement considéré un asservissement visuel
partitionné. Celui-ci est appliqué au modéle d’état de ’écoulement avec deux degrés
de liberté afin de minimiser simultanément la densité d’énergie cinétique et la trainée.
La trainée, contrairement a 1’énergie cinétique, diminue de facon monotone en fonction
du temps. Une augmentation du nombre de degrés de liberté permet d’améliorer la
décroissance de la densité d’énergie cinétique. Lorsque le nombre de degré de liberté
correspond a la dimension du vecteur d’état, et en s’appuyant sur une commande par
asservissement visuel, nous montrons que la densité d’énergie cinétique décroit de facon
monotone au cours du temps.

Le modéle d’état de I’écoulement de Poiseuille vit dans un espace de trés grande
dimension. Par conséquent, il est nécessaire d’un point de vue pratique de réduire la
dimension du contréleur. Nous démontrons que la loi de commande s’appuyant sur
un modéle réduit peut étre appliquée au systéme complet. Dans ce cas la densité
d’énergie cinétique décroit presque de fagon monotone au cours du temps en utilisant
une commande par asservissement visuel & deux degrés de liberté.

Mots clés : contréle des écoulements, asservissement visuel, commande optimale,
modéle réduit, équations de Navier-Stokes, écoulement de Poiseuille, méthode spec-
trale.
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Résumé de la thése en francais

La commande par I'asservissement visuel est utilisée pour le probléme du controle actif
de I’écoulement de Poiseuille. Nous avons développé des contréleurs qui obtiennent la
stabilité de I’écoulement de Poiseuille basée sur 'information visuelle.

Ce résumé est architecturé comme suit. Tout d’abord, nous présentons le controle
des écoulement et ’asservissement visuel. Ensuit, nous donnons 1’état de I'art ot nous
considérons les travaux précédents et ’objectives. Et puis, nous modélisons 1’écoulement
de Poiseuille ot le problématique existe. Aprés, toutes les contributions de cette thése
sont montrées: commande par asservissement visuel partitionné, commande par as-
servissement visuel, modéle d’ordre réduit de commande par asservissement visuel et
commande robuste. Enfin, la conclusion est donnée pour terminer ce résumé.

Controle des écoulements et Asservissement visuel

Controle des écoulements

Le contréle des écoulements permet de changer 1’état actuel & un autre état ou maintenir
son état actuel, quelque soit la perturbation extérieure. Nous pouvons agir partout a
I'intérieur de I’écoulement ou uniquement aux frontiéres. Les applications potentiels du
controle des écoulements sont la réduction de la trainée, 'augmentation de la portance,
la réduction de bruit, etc.

Le contréle des écoulements peut étre effectué de maniére passive ou active. Le
controle passif consiste & agir de maniére constante sur le systéme. Le plus souvent
il s’agit en fait d’optimiser des formes ou d’utiliser certains revétements de surface
particuliers. Par contre, la controéle actif, quant a lui, nécessite un apport d’énergie
extérieur pour agir sur 1’écoulement. Par exemple, le controle actif d’écoulement de
Poiseuille est par les techniques de soufflage et d’aspiration [ ].

Asservissement visuel

L’asservissement visuel, une approche de controle en comité robotique, permet de con-
troler les mouvements d’un robot & 'aide des données fournies par un capteur de vision
| |. Pour réaliser une tache d’asservissement visuel, un
ensemble d’informations visuelles s(t) est choisi a partir de I'image de la scéne visualisée
par un dispositif optique. Une loi de commande est ensuite élaborée de telle sorte que le
vecteur d’informations visuelles s(¢) atteigne la consigne s* correspondante & I’ensemble
désiré d’informations visuelles et donc & un état désiré du systéme dynamique. Générale-
ment une partie de 'image est utilisée pour définir un difféomorphisme entre la scéne
observée et l’ensemble d’informations visuelles s(t). Le principe de la commande est
donc de réguler le vecteur d’erreur e(t) = s(t) — s* a zéro. La dynamique du vecteur
erreur est alors donnée par

e(t) = 200§ Lo(tuo) )
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ot u(t) est vecteur d’entrées de commande du systéme, Le(t) est la matrice jacobienne
qui définit la variation des informations visuelles par rapport & la variation de la com-
mande | |, et Je(t)/Ot exprime la variation propre des informations
visuelles.

Si nous souhaitions, par exemple, d’assurer une décroissance exponentielle du vecteur
erreur

&(t) = —e(t). 2)

Nous obtenons De(t
u(t) = AL (elt) - L (6 70, ®)

ou LY est la matrice pseudo inverse de Moore Penrose Le. La commande est donnée
par

u(t) = AL (Pe(t) — Lo (1) 3‘;(;). (4)

e

Notons que la matrice Le peut étre non-carré mais de plein rang. Donc, la matrice
pseudo inverse de Moore Penrose est L.

En appliquant les techniques d’asservissement visuel au controle actif des écoule-
ments, s(t) peut étre égale a la densité d’énergie cinétique ou la trainée ou le vecteur
d’état. Une commande sera congue pour obtenir les objectifs de commande en assurant
le forme é(t) = —Xe(t).

Etat de Dart

Description du probléme

Quelques écoulements sont étudiés, e.g. 1’écoulement de cavité, profils d’ailles, ’écoulements
autour des cylindres bidimensionels, vectorisation de jet, I’écoulement de canal. Nous
choisissions d’étudier I’écoulement de Poiseuille parce que

e Il est plus adapté a la théorie du controle que les autres écoulements
e Il contient des propriétaires fondamentaux des écoulements

e Il illustre un grand nombre des problémes importants non résolus du contréle des
écoulements

e Cet écoulement est un bon exemple de 'application de ’asservissement visuel au
contréle des écoulements

Ensuite, nous présentons ’équation dynamique de 1’écoulement de Poiseuille. Les
équations de Navier-Stokes sont données par

{ V.V =0

ov 1

— +(V.V)V =-VP+ —AV.
ot +(V.V) VP + R

()



il

Y=+1

Y=-1

Figure 1: Ecoulement de Poiseuille

ol V est la vitesse, P est la pressure et R le nombre de Reynolds, V est le gradient et
A est le laplacien. Son profile est donné par la figure 1.

Pour déterminer I’état de I’écoulement et sa stabilité, la densité d’énergie cinétique
est définie par | |

1

e(t) = v, J\ vZdV,, (6)

ou v = (u,v,w) =V — V. est la perturbation entre la vitesse V et la solution stable
V. et V, est le volume. Si £(¢) < 0, alors la solution V de I’équation (5) est dite
monotone stable | |.

En plus, la trainée est définie par | |

L Qu(y = u(y = —
R e @

L’écoulement de Poiseuille devient turbulent si le nombre de Reynolds est grand
(R > 5772) et/ou la croissance de la densité d’énergie cinétique (1000<<R<5772). Donc,
nous avons besoin d’une commande qui obtient la stabilité de 1’écoulement. A notre
connaissance, dans la littérature scientifique, le probléme du contréle de 1’écoulement
en boucle fermée existe déja

o Il existe dans la littérature une commande nonlinéaire | | et
[ | qui permet de garantir £(¢f) < 0 mais cette commande est
congue pour le nombre de Reynolds R < 1/4; toutefois nous n’avons pas besoin
de commander si R < 49.6. Aucune autre commande garantit £(¢) < 0 dans les
travaux précédents.

e Aucune commande garantit d(t) < 0.

e La commande basée sur un modéle linéaire suffit pour stabiliser ’écoulement.
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e L’idée de cette thése est de donner une approche de commande basée
sur le modéle linéaire qui garantit £(t) < 0 et/ou d(t) < 0. En plus,
cette commande peut appliquer pour tout le nombre de Reynolds. Par
conséquent, I’écoulement devient monotone stable.

Solution proposée

Le controéle de I'asservissement visuel va étre appliqué au controle actif des écoulements.
Basé sur le contexte du controle de ’asservissement visuel, nous allons concevoir une
approche de commande qui garantit

() = —2e(t)
{ dt) = —Ad(t) (8)

Modélisation de 1’écoulement de Poiseuille

Les méthodes numériques peuvent étre utilisées pour générer un modéle d’état des
équations aux dérivées partielles (EDP). Un modeéle linéaire a été développé en utilisant
une méthode spectrale qui pourrait transformer EDP dans un ensemble des équations
différentielles ordinaire (EDO).

Obtention d’un modéle d’état

L’approche classique consiste a linéariser les équations de Navier-Stokes autour de
I’écoulement en régime établi. Il est alors possible d’obtenir une formulation en vitesse-
vorticité | | :

0(Av) o(Av) d*Uodw 1 .,
ot U Ox dy? 0z EA v=20 )
on an 1 dU ov
Ayl _—ap = X 1
ot +Uax R dy 0z’ (10)

dans lesquelles v est la composante normale de la vitesse de la perturbation v(z,y, z,t)
définie comme étant la différence entre la vitesse courante V(z,y, z,t) et la vitesse en
régime établi V, = (1—42,0,0). 7 est la composante normale de la vorticité. U = 1—y?
est la composante suivant = de Vy, = étant la direction d’écoulement, y la direction
normale aux parois et z la direction perpendiculaire & la direction d’écoulement et aux
parois. R est le nombre de Reynolds.

En cherchant des solutions complexes (v, 7.) aux equations (9-10) sous la forme
d’une série de Fourier tronquée dans les directions x et z conformément au modéle
conceptuel proposé par | | et en ne considérant qu’un seul couple de
nombre d’onde (ns, ngp) (ot ng = 0--- Nyt et ngy, =0--- Ngp), il vient :

ve(,y, 2,t) = 0(y, )T (2, y, 2, t) = qi(y, t)ed T (11)



oll @ = et f = 272% avec L, la période dans la directions z, et L, celle dans la
direction z.
En injectant (11) dans (9-10), une approximation & (9-10) est obtenue en résolvant

(12-13) (avec k% = o2 + (2, voir le Chapitre 5 en anglais pour plus amples details) :

2N st
L.

U k4 2k% 020 1 0% j . 0% 0V
] e ¥ Bt Do — k2012
(-+U dy? jRa)v+(U+jRa)6y jRa 83/4 (8y28t K at)( )
k2 1 0%; on
(ol + )0 = g0 + [J’— — 817 (13)

Dans le cas de I’écoulement de Poiseuille, une commande aux frontiéres est possible.
Cette fagon de faire conduit aux conditions de Dirichlet non homogeénes de v(y = +1,1t)
et 7(y = £1,t) suivantes :

ﬁg—l-l,t; —(jvju((t))
v(—1,1 = Q'UJ t
L) = Gyult) (14)
A(-11) = dyalt)

les conditions de Neumann restant homogénes aux frontiéres. Nous pouvons noter

Oy = £1,t) = Gpu(t) (15)

ol ¢ est v ou n et ¢ est u ou . Néanmoins, comme proposé dans | |, le change-
ment de variables suivant permet de rétablir des conditions de Dirichlet homogénes :

{ o(y, t)

iy, t)

dans lesquelles nous avons introduit les vecteurs F,(y) = [ fouly) foi(y) ], qv(t) =
it

~'U,’lL(t) _ _ U
Lt | R0 = [ ) i) ) et anle) = |

antes doivent étre vérifiées :

{ fv,u(+1) = fv,l( 1) =
fn,u("‘l) = fn,l( 1) =
(17)

ainsi que ¥y, (+1,t) = ¥, (£1,t) = fu(£1,¢) = 0 (les conditions de Dirichlet et Neumann
homogenes). Nous pouvons noter fg (y).
L’obtention du modéle de I’état reverché s’obtient alors par le bais de la discrétisation

N
= Z Qv,n (t)En< 77h y7 Z Qn, n n (18)
n=0

ou les polynomes =, (y) et ©,,(y) vérifient a la fois les conditions de Dirichlet et Neumann
(voir le Chapitre 5 en anglais pour plus amples détails). Dans la suite, en utilisant (18)
dans (16) et en injectant le résultat dans (12-13) nous obtenons un systéme d’équations

(1) + Foly)au(t)
(s, t) + Fy(y)an(t), (16)

} , oll les conditions suiv-

fv,u(*l) = fv,l(+1) =0, f;,u(il) = f;,l(il) =0

1,
Lo fpu(=1) = fra(+1) =0,

suivante :
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ordinaires qui, une fois évalué en N + 1 points de Gauss-Lobatto y; = cos(in/(N +
1))),0 < i < N conduit a la représentation recherchée :

Lx(t) = Ax(t) + Bu(t) + Ea(t), (19)

ou x(t) est le vecteur d’état: x(t) = [ avo(t) -+ awn(t) ano(t) -+ apn(t) ]T,

u(t) est le signal de commande: u(t) = [ q, (t) q;(t) ]T. Les matrices L, A, B et
E s’expriment de fagon complexe. Toutefois, il est important de noter dés a présent
que les matrices B et E dépendent fortement des vecteurs Fy,(y;) et F, (y;) ainsi que de
leurs dérivées suivant y jusqu’a l'ordre 4 au plus.

Le nombre de degré de liberté (DDL) est le nombre du signal de com-
mande. Nous utilisons u(t) = [ q (t) qji—(t) ]T, nous avons 4 DDL. Si nous pren-
drons u(t) = qy(t), nous ne considérons que 2 DDL.

En effet, la trainée d(¢) s’exprime de la facon suivante :

d(t) = D1x(t) + Dou(?), (20)

ot la matrice D est calculée par les polynomes E,(y) et ©,(y) et la matrice Do est
calculée par les vecteurs F,,(y;) et Fy(y;). L’énergie cinétique e(t) s’écrit quant a elle
de la fagon suivante :

e(t) = x " (1)Qux(t) + x " (1)Qrzu(t) + u' (1)Qux(t) + u' (£)Qoou(t),  (21)

ou la matrice Q13 est calculée par les polynomes =, (y) et ©,(y) tandis que les matrices
Qi2, Q21 et Qoo sont aussi calculées par les polynomes =, (y) et ©,(y) et les vecteurs
Fo(yi) et Fy(yi)-

Introduisons tout d’abord les grandeurs intéressantes. L’énergie synchronique e4(t)
est définie comme I'énergie cinétique maximum & linstant t pour la pire condition
initiale sur I’état telle que £(0) = 1, soit

es(t) = sr(%?:xl e(t) (22)

L’énergie diachronique €4 est définie comme le maximum de 1’énergie synchronique

= 2
Ed r?zagws(t) (23)

De plus, pour une condition initiale, I’énergie maximale ey ,x est définie comme le max-
imum de I’énergie cinétique
€max = maxe(t) (24)
>0

Comportement du systéme en boucle ouverte

On considére le systéme en boucle ouverte ou noté ’équation de Orr-Sommerfeld. Si la
matrice L est invertible, I’équation (19) devient

x(t) = L7t Ax(t), (25)

ensuite, le comportement du vecteur d’état et de la densité d’énergie cinétique décrit le
probléme du controle des écoulements.
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Comportement du vecteur d’état

Notons que les écoulements 2D et 3D de Poiseuille contiennent les valeurs propres
instables. Afin d’enquéter sur les valeurs propres instables, nous avons seulement besoin
de considérer I’écoulement 2D de Poiseuille.

Tout d’abord, nous considérons 1’écoulement 2D de Poiseuille avec L, = 4w. Tous
les multiples entiers de nombre d’onde fondamentale () existent dans cet écoulement

2
o= Ngog = nstL—Tr = 0.5n4 avec ng = 0... Ng. (26)
xT

Sur la base du diagramme de Orzag dans la figure 2(a) (obtenu a partir de I’équation
de Orr-Sommerfeld), nous trouvons que la valeur propre instable de I’écoulement de
Poiseuille est une fonction du nombre de Reynolds R et le nombre d’onde a.. Certains
modes sont des modes instables. Dans ce cas, seul le nombre d’onde a; = 209 = 1
est le nombre d’onde instable (sa partie réelle est positive), alors que oy = 0.5 et
a = 1.5 400 sont des nombres d’onde stable. En particuliére, danslecasa =1, =10
et R = 10 000, les modes instables sont A = 0.003739670622977 + 0.237526488820464:
| |. La densité d’énergie cinétique tend vers l'infini dans la figure 2(b).

(t)

4000 6000 8000 10000 12000 0 20 40 60 80 100
R t

(a) modes instables en fonction de « et R (b) e(t) en fonction du temps

Figure 2: Comportement du vecteur d’état.

Comportement de la densité d’énergie cinétique

Dans | |, le modéle linéaire contient les modes instables lorsque le nombre
de Reynolds R > 5 772. Le fait que le modéle linéaire n’a pas de modes instables
au nombre de Reynolds 1 000 < R < 5 772, I’écoulement est encore turbulent. Plus
précisément, la croissance de la densité d’énergie cinétique rend ’écoulement turbulent.
Par exemple, ’écoulement est turbulent au nombre de Reynolds R = 1 000 a partir des
études expérimentales | |. Notons qu’il n’y a pas de croissance de
la densité d’énergie cinétique si le nombre de Reynolds est inférieur & R = 49.6, comme
indiqué dans | | par les méthodes de 1'énergie.
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Dans I’écoulement 3D de Poiseuille | I, | |,
| |, la densité d’énergie cinétique est souvent étudiée au nombre de
Reynolds R = 5 000 et au nombres d’ondes @ = 0 et 5 = 2.044, la valeur pour laquelle
nous obtenons la valeur maximale de ’énergie diachronique £4, vue dans la figure 3.
L’énergie diachronique 4 est la fonction des nombres d’onde « et 3, donnée dans la
figure 3(a). Sa valeur maximale est & « = 0 et 5 = 2.044. L’énergie synchronique e4(t)
et ’énergie diachronique e4 sont données dans la figure 3(b).

500 1000 1500 2000 2500 3000 3500 4000 4500

5000 T - T T :

BON
=4897,t=379

n &
4000

3000

20001

1000~

0 i i i i i i
0 200 400 600 800 1000 1200 1400
t

(a) g4 en fonction de « et 3 (b) es(t) en fonction du temps

Figure 3: Comportement de la densité d’énergie cinétique (R =5 000).

Remarques

Bien que le modéle linéaire de 1’écoulement de Poiseuille contient toutes les valeurs
propres négatives, le vecteur d’état diminue de fagon monotone dans le temps, mais
I’écoulement devient encore turbulent. Afin de déterminer 1’état de 1’écoulement et sa
stabilité, nous nous concentrons sur le comportement de la densité d’énergie cinétique.

A partir des éléments théoriques décrits ci-dessus, nous allons concevoir les con-

troleurs qui garantissent
E(t) = —2Xe(t)
i 27

autrement dit, si £(¢) = —2Ae(t), 'écoulement est toujours monotone stable. Dans les
sections suivantes, nous allons présenter des approches de commandes qui représentent
les contributions de cette thése.

Commande par asservissement visuel partitionné

Objectif

Lorsque le nombre de DDL est 2. Nous utilisons 'asservissement visuel partitionné

(AVS) comme suit
e Un DDL est utilisé afin d’obtenir d(t) = —Ad(t)
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e Un DDL est utilisé pour minimiser ()

Conception de la commande

On considére le systéme suivant
Lx(t) = Ax(t) + Bu(t) + Eu(t), (28)
d(t) = Dix(t)+ Dau(?),

pour 2 DDL. Si nous utilisons la commande u(t) = Kx(t), la trainée est donnée par

d(t) = (D; + D2K)x(t). Nous voulons d(t) = —Ad(t), c’est-a-dire

(D1 + DoK)x(t) = =A\(D; + D2K)x(t) = %(t) = = x(¢) (29)
Avec 2 DDL, nous ne pouvons pas d’obtenir x(t) = —Ax(¢). Dans la section suivante,
nous montrons une fagon d’obtenir %X(¢) = —Ax(t) quand la dimension du vecteur d’état
est égal au nombre de DDL.
Nous utilisons la commande U (t) = (t), (voir | I, ],
| I, | ]), le systéme (28) est décrit
x(t) ] [L'A L 'B x(t) L'E ] .
) =Lt e [ LT e (30)
OU NOUS Proposons
X(t) = AX(t) + BU(t), (31)
ou le vecteur d’état est X(t) = [ Egg } . Les matrices A et B sont définies
L'A L'B L~ 'E
[ram] g [E) -

Donc, la densité d’énergie cinétique est réécrite en fonction de X(t)
e(t) =x"(0)Qux(t) +x" (1)Quau(t) +u’ ()Qax(t) + u' ()Qzoul(t)
[ T T Qi Q2 x(t)
=[x o] { Qa1 Qa2 } [ u(t) ] (33)
= XT(1)QX(t),

ou la matrice Q est définie par

| Quu Qa2
€= [ Q21 Q22 ] ' (34)

De la méme maniére, la trainée est également réécrite par

d(t) = Dix(t) + Dou(t) = DX(1), (35)
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est donné par

X(t) = AX(t)+ BU(t)

e(t) =XT()QX(1) (36)
d(t) =DX(t)
En utilisant la commande par asservissement visuel partitionné | I,

nous avons besoin de la dynamique de la trainée

dt) = a‘;f) + Ll (1), (37)
ad(t)
ot

par rapport a la variation de la commande.

ol exprime la variation propre de la trainée et L, définit la variation de la trainée

A partir de I'équation (36), nous obtenons
d(t) = DX(t) = D (AX(t) + BU(t)). (38)

Donc, grace a (37) et (38), nous obtenons

L, =DB
8‘;;5) = DAX(t) (39)

Introduisons & présent les composantes de la matrice d’interaction relative aux com-
posantes du signal de commande (2 DDL)

L'E
Li=[Ls La |=[D Dz][ I } (40)
L’asservissement visuel partitionné repose sur une formulation partitionnée de la matrice
d’interaction. Grace a (40), la variation temporelle de la trainée (38) devient

(1) = Lastho(t) + L) + 240 (41)

o U(t) = [ Uu(t) U(D) ]T. Il est tout a fait possible d’imposer une décroissance
souhaitée de la trainée. Imposons par exemple une décroissance exponentielle

d(t) = —Ad(¢t) (42)

oll A\ est un gain positif permettant d’ajuster la vitesse de décroissance. Par suite, de
(41) et (42), nous avons
od(t)

- )‘d(t) = Lduuu(t) + Ldlul (t) + W (43)
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A ce stade, I'une ou l'autre des composantes de U(t) peut étre utilisée pour réduire la
trainée, choisissons arbitrairement U;(t). Il vient alors

i) = - (Ad(t) T Ladha(t) + &;f)) | (44)

Cette grandeur sera effectivement connue si le signal de commande U, (t) est connu
aussi. La phase suivante consiste donc a en trouver une expression.

Pour ce faire, nous considérons classiquement une commande LQR sur un horizon
infini afin de minimiser la densité d’énergie cinétique (36) et I’énergie nécessaire a sa
minimisation. Le critére & minimiser s’écrit comme suit

J= /0 b (XT(t)QX(t) + 72u3(t)> dt. (45)

Cela peut étre fait en exprimant la variation temporelle de ’état en fonction du signal
de commande U, (t). Pour ce faire, réécrivons (44) grace a (36)

Uy(t) = — = (XD + DA) X(t) + Lahu(t)) (46)

que nous injectons dans (36) pour obtenir

X(t) = AL X(t) + Bith(t), (47)

B
ol les matrices suivantes ont été introduites: A; = A — —l(/\D +DA) et By =B, —

N La
f@&W%B:[m B ].

Il devient alors trés aisé de calculer le gain I impliqué dans la commande optimale
Uy (t) = KX (t) en considérant (47) et en résolvant 1’équation algébrique de Ricatti. Ce
gain est donné par

1
K:—?ﬂﬁ, (48)

ol P est la solution de ’équations algébrique de Ricatti
T 1 T
A P+PA + 0O — ?PBDBH P =0. (49)

Il est important de noter que, a notre connaissance, contrairement aux travaux ren-
contrés dans la littérature de la commande des écoulements fluides, nous exploitons ici
pleinement les DDL.

Résultat de Simulation

Nous comparons & présent notre approche avec les approches les plus pertinentes de la
littérature, il s’agit des travaux relatés dans | I, 1 ],
| |. Nous notons respectivement ces approches P, LQR,,
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LQR,, et notons AVP la notre. Rappelons briévement ces travaux. Dans le travail
de | |, un retour proportionnel a la mesure du frottement pariétal est
utilisé conduisant & la réduction de la trainée. Dans ce travail la réduction de la densité
d’énergie cinétique n’est pas considérée. Dans le travail de | |
la densité d’énergie cinétique est minimisée via une commande LQR. Notons qu’il
s’agit 14 d’une facon indirecte de minimiser la trainée. En effet, la trainée due a la
perturbation s’annule si la densité d’énergie cinétique est nulle aussi. Finalement, dans
[ |, le frottement pariétal est minimisé également par une

approche LQR.
Nous testons le casot a =1, 8 =0 et R =10 000. La figure 4 décrit la comparaison

entre notre approche et les autres. Seulement notre approche a donnée un bon résultat.

16

2 T T T T
i --P " --P
'
150 A . LOR,|{ 18 ---LGR,
LE _..LGR ro LQR
1 "y | 120 °
Mmoo —AVP o ——AVP
1
05 o ,'./4\ i ] 100
1 NEALE N r \
2 9 R LY AL W AV WE O\ W AS Z gl ! L
5 “\24/ [AYFERY \\I - w ] R
ey wy Y
-0.5 l'I hauT 1 6r 34
Iu" W : “\
-1r ||'“ i ar "y
uy! ] § u
2 ; ; ; ; 0 ;
0 20 40 60 80 100 0 20 40 60 80 100
t

Figure 4: Comportement de la trainée et de I’énergie cinétique en fonction du temps.

Remarques
Quelques remarques sont donnés. Si DDL est 2
e AVP obtient d(t) = —Ad(t)

e AVP ne peut pas garantir £(¢) < 0. Nous avons besoin de plus de nombres de
DDL. Dans la section suivante, nous allons chercher une solution & ce probléme.

Augmenter le nombre de dégrée de liberté
Pourquoi et comment d’augmenter le nombre de dégrée de liberté ?

Pourquoi 7
Dans cette section, nous allons donner une condition nécessaire pour obtenir la stabilité

monotone. On considére le systéme suivant

a(t) = A.z(t) + BLu(t) (50)
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aver la commande u(t) = Kz(t). L’énergie cinétique est définie par

eo(t) =2 (t)Q.z(t), (51)

ol Q. est une matrice Hermitienne. Dans | |, la condi-
tion nécessaire pour garantir £,(¢) < 0 est donnée par

(A.+B.K)'Q. +Q.(A. +B.K) <0 (52)

Pour que cette inégalité ait une solution K, nous avons besoin de B,B] > 0. Par
conséquent, la matrice B, doit étre une matrice de plein rang. Cette cause explique
pourquoi nous voulons augmenter le nombre de DDL dans le systéme en boucle fermée
du des écoulements.

Comment ?

Si nous utilisons fg 4 m(y) (voir la facon d’utiliser fy.;(y)), nous obtenons I’équation de
I’état
Lx(t) = Ax(t) + Bpyun(t) + Epug, (1) (53)

Quand nous utilisons fg . m(y) ot m =1--- M, de méme facon, nous obtenons

Lx(t) = Ax(t) + Biui(t) + E1y (?)
Lf((t) = AX(t) + Bouy (t) + Eouy (t)

(54)
Lj((t) = AX(t) + BMuM(t) + EMuM(t)
C’est facile de voir que nous pouvons obtenir
M M
Lx(t) =Ax(t)+ Y Buun(t)+ Y Eptn(t)
—1 =1
uy (1) (1)
= Ax(t)+ [B; B/ + [E1 -+ Epyl
u (1)) (1))
(55)
Si fo01(Y)s fow2(y)s -+, fopm(y) sont indépendant, nous pouvons augmenter DDL,
montré dans | |. Donc, nous supposons qu’il existe une fagon de faire conduit
aux conditions de Dirichlet non homogénes de ¢(y = £1,t) suivante:
} M
Sy =%1,1) = Gsypm(t) (56)
m=1

les conditions de Neumann restant homogénes aux frontiéres. L’équation (16) devient

M
Sy, t) = dn(y,t) + O Fom(y)dsm (t) (57)

m=1



X1V

dans lesquelles nous avons introduit les vecteurs Fg(y) = [ foum(®) foum(®)) |,

Apm(t) = [ q:j),u,m(t) ] ou les conditions suivantes doivent étre vérifiées :
G 1,m (t)

fv,u,m(_l) = fv,l,m(+1) = 07

fowm(=1) = frim(+1) =0, (58)

fv,u,m(+1) = fv,l,m(_l)
fn],u,m("’l) = fn],l,m(_l) =
fv,u,m(il) = fu,l,m(il)

L,
1

0

Comme le cas précédent, I'équation (19) est modifiée

Lx(t) = Ax(t) + Bu(t) + Eu(t), (59)

ou u(t) = | qll(t) qIM(t) q;yl(t) q;’M(t)) ]T est le nouveau signal de
commande. Toutes les matrices B, E, Q12, Qo1, Q22 et Do sont modifiées.

Avantages d’augmenter le nombre de dégrée de liberté

Nous montrons les avantages obtenus en augmentant le nombre DDL dans le cas ou
a=0,8=2044 et R =15 000 (les résultats dans le cas « =1, = 0 et R = 10 000
sont le méme). La figure 5(a) rapporte le comportement des énergies synchronique et
diachronique en boucle ouverte. Comme on s’y attendait, I’énergie cinétique présente
un pic responsable d’une transition potentielle vers la turbulence. La figure 5(a) mon-
tre qu'une commande LQR avec 2 DDL permet de diminuer la valeur de 1’énergie
diachronique sans toutefois éviter le pic d’énergie. La figure 5(b) montre clairement le

bénéfice d’augmenter le nombre DDL.

5000 P r— T 900
Vi \\ - - - Uncontrolled flow
K N - 800
40001 N N Controlled flow || 700/
,’ \\ * Emax
) . 600
3000 ! s 1
_ / . 5001
=) )
° : N 400}
2000- N
" % 3001
' ~
1000} ! s ] 200
1 e
) T 1007
0 ; ° ; ; ; ;
0 500 1000 1500 0 0.2 0.4 0.6 0.8 1

t
(a) €(t) en fonction du temps (b) €maz en fonction de DDL

Figure 5: Bénéfice d’augmenter le nombre de dégrée de libertés.

Remarque
Malgré le fait d’avoir démontré lorsque le nombre de DDL est augmenté, le bénéfice est
décrit par la commande LQR, nous avons aussi besoin d’une commande qui garantit

é(t) < 0.
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Commande par asservissement visuel

Objectif
Lorsque le nombre de DDL est augmenté, nous proposons une approche de commande

qui satisfait £(t) = —2Ae(t), d(t) = —Ad(t) et u(t) = —Au(t).

Conception de la commande

Considérons le systéme suivant

Li(t) = Ax(t) + Bu(t) + Ea(t),
et) =x"(0)Qux(t) +x"(t)Quzu(t) +u' (t)Quix(t) + u' (£)Qau(t)  (60)
d(t) = Dix(t)+ Dau(?),

Le systéme (60) n’est pas a la formulaire standard. Nous pouvons réécrire I’équation (60)
par le changement des variables x(t) = z(t)+L~'Eu(t), dans |
| I, | |. Nous obtenons

z(t) = A,z(t) + B,u(t), (61)

ou les matrices sont définies

A, =L 'A
B. =L 'B+L!AL'E,

La densité de I’énergie cinétique est réécrite par

e(t) =x"()Qux(t) +x"(1)Qu2u(t) + u' (t)Qox(t) + u' (t)Qoou(t)
= (z(t) + L7'Eu(t)) "Qq1(z(t) + L7'Eu(t)) + (z(t) + L='Eu(t)) ' Qiou(t)
+u' (t)Qo1(z(t) + L~ Eu(t)) + u' (t)Qou(t)
(63)
ou plus simplement
et) =z"()Q.z(t) +2z' ()N u(t) +u' (t)Ny.z(t) +u' (H)R.u(t), (64)
oul les matrices N,,,, N,. et R, sont définies
Qz = Qll
N.. =Qi2+QuL'E
_ (65)
N.. =Qu+ (L'E)'Qn
R. =Qu+L'E)'Q:2+QuL'E+ (L 'E)'Q L 'E.
De méme facon, la trainée est réécrite par
d(t) = Dix(t) + Dou(t) = D1z(t) + (D;L7'E + Dy)u(t), (66)

ou plus simplement

d(t) = D,12(t) + D,ou(t), (67)
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ol les matrices D, and D.o sont définies

D =D
z1 1 (68)
D, = DlLilE + Ds.

Nous obtenons le systéme
z(t
€

(t

= A.z(t) + B.u(?)

=z (1)Q.z(t) +z' ()N u(t) + u' (t)Ny.z(t) +u' (H)R.u(?)
d(t) =D,1z(t) + D,ou(t)
z(0) =1zo

)
) (69)

Par conséquent, en supposant une commande par retour d’état u(t) = Kz(t) et en
supposant qu’il soit possible de calculer une matrice K assurant une décroissance ex-
ponentielle du vecteur d’état z(t) = —Az(t), il est aisé d’établir les relations suivantes:
u(t) = —u(t), d(t) = —Ad(t) et £(t) = —2Xe(t). Cette facon de faire assuré le com-
portement recherché.
Dans I'asservissement visuel, la dynamique du vecteur erreur est alors donnée par
_ Oe(t)

&(t) = 5, + Le(t)u(t) (70)

Nous voulons stabiliser le vecteur d’état z(t) par une décroissance exponentielle. Donc,
le vecteur d’état est choisie a étre I'ensemble d’informations visuelles z(t) = s(t). Grace
a (69), nous obtenons

Le(t) =B,
de(t) (71)
— A.z(t).
ot 2(t)
Nous souhaitions d’assurer une décroissance exponentielle du vecteur erreur
é(t) = —Xe(t). (72)
Nous obtenons 5
u(t) = AL (e(r) - 1540 2. (73)
Dans ce cas, la commande peut étre réécrite par u(t) = Kz(t) ou
K=-L'(t)A\I+A,) (74)

Résultat de Simulation

Les résultats suivants concernent la loi de commande que nous proposons. Nous avons
fixé A = 0.25. Les figures 6(a) et 7(a) montrent que notre loi de commande permet
effectivement de découpler les composantes du vecteur d’état. Par suite, la commande
(figures 6(b) et 7(b)), I'énergie cinétique (figures 6(c) et 7(c)) et la trainée (figures 6(d)
et 6(d)) sont bien des exponentielles décroissantes comme il était attendu. Ce résultat
est de toute importance car il garantit que les grandeurs physiques observées ne peuvent
que décroitre.
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u(t)
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08 08
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(c) &s(t) d(t)

Figure 6: Comportement de ’écoulement 2D de Poiseuille en boucle fermée en fonction
du temps.
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t t
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Figure 7: Comportement de ’écoulement 3D de Poiseuille en boucle fermée en fonction
du temps.
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Remarques

e Commande par asservissement visuel obtient z(t) = —Az(t), par conséquent nous
obtenons £(t) = —2Xe(t), d(t) = —Ad(t) et u(t) = —Au(t). Ces résultats sont les
résultats souhaités en boucle fermée du controle des écoulements.

e DDL est égale au nombre du vecteur d’état. Et il s’agit des conditions trés fortes.
Nous devons réduire cette condition car le nombre du vecteur d’état peut étre trop
grand.

Modéle d’ordre réduit
Objectif

Objectif de cette section est de chercher une approche de commande qui garantit £(¢) ~
—2)\e(t) et u(t) = —Au(t) alors méme que nous utilisons 2 DDL.
Conception de la commande

Considérons le systéme suivant

{ 2(t) = A.z(t) +B.u(t)

() =2 ()Qua(t) + 2" (ONwu(t) + ul (ONwz(t) + ul (OR.u(E) )

Lorsque le nombre de DDL est inférieur au nombre du vecteur d’état. Nous ne pouvons
pas de utiliser la commande par asservissement visuel pour le systéme (75). Afin de
garantir £(¢) & —2\e(t), nous cherchons une approche de commande qui assure

o u(t) = —u(t)

z,(t)
Zn—r (1)

Basé sur les résultats dans | I, [ I,
et | |, nous utilisons le forme canonique de Jordan. (75) devient

[Z(_?(t)} :H) Af_r ] [Z%) ] * [gi’im]u@) (76)

ou les matrices sont

o 7,.(t) = —Az,(t) on z(t) =V, [ }, 7 est le nombre de DDL.

Br,m

Bn—r,m

BZ:VZ[ ],AZ:VZ[AT 0 }V;l (77)

0 An—r

et V, est la matrice des vecteurs propres qui transforme A, en forme canonique de Jor-
dan. Notons que A, contient toutes les valeurs propres positives si elles existent. L’idée
est de déterminer z,(t) = —Az,(t). Nous pouvons facilement trouver une commande

u(t) = =B, ), (AL + A)z,(t) (78)
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Donc, la commande est ensuite donnée par

ut)=-B AL +A) [ L [0]rp—r | V2 '2(2) (79)

z

qui garantit a(t) = —Au(t).

Reésultat de Simulation

Nous ne considérons que 2 DDL. Quand DDL est assez grand, nous assurons £(t) ~
—2)\e(t). Si DDL est 2, nous trouvons que nous pouvons assurer €(t) &~ —2\e(t) si nous
cherchons \ pour assurer (t) ~ u' (t)R,u(t).
Pour le cas ot « = 1, f = 0 et R = 10 000, par exemple, les fonctions fy(y) sont
choisies
P -3y +2 -y +3y+2

fv,l(y) = T fv,u(y) - 4

1 (80)

Les résultats sont donnés dans la figure 8. Malgré 2 DDL sont utilisé avec e(t) =~
u' (t)R.u(t), I'énergie cinétique est une approximation de la décroissance exponentielle
(o A = 0.25). Ces résultats valident I’approche proposée.
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(a) Composant de £5(t) (b) u' (H)R,u(t) et u' (t)u(?t)
raln 0.03

z(t)

u(t)
o

-0.01p,

-0.02

-0.03

Figure 8: Comportement de I’écoulement 2D de Poiseuille en boucle fermée en fonction
du temps.
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Pour le cas ot a« = 0, f = 2.044 et R = 5 000. L’énergie cinétique est une ap-
proximation de la décroissance exponentielle, illustrée dans la figure 9 (ot A = 250).

B0

2'az
z

uRu
z

Z'N_u+u'N z|]
- zZu uz

02*3 36?5° AVO.‘JS 00 0.605 0.61 0.615 0.02 0.625 0.03
t
(a) Composant de £(t) (b) u(t)
Figure 9: Comportement de I’écoulement 3D de Poiseuille en boucle fermée en fonction
du temps.
Remarques

La commande par asservissement visuel est d’assurer £(t) ~ —2Ae(¢) pour tout DDL,
si I'énergie de régulation est admissible.

Notre travail ouvre les perspectives pour le futur. S’il existe une commande pour
assurer £(t) < 0 pour tout DDL, nous avons la condition

(A, +B.K)T(Q. + KN, + N,,K + KTR.K)

1(Q. +K'N,. + N.,K + KTR.K)(A, + B.K) < 0 (81)

ot les paramétres R,, N, et N, sont variés. Mais I'inégalité est trop difficile & trouver.
Notons que 'inégalité

(A.+B.K)"Q. +Q.(A. +B.K) <0 (82)

a une solution K si B, est une matrice de plein rang. Il s’agit de notre "challenge".

Conclusion

Dans cette thése, nous avons appliqué ’asservissement visuel au contréle actif des écoule-
ments. L’énergie cinétique est minimisée par une décroissance exponentielle qui assure
la stabilité des écoulements.
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Chapter 1

Introduction

1.1 Why flow control

The flow control has many applications in aerospace (improve lift, reduce drag and
noise). We consider the motion of an aircraft in the air. The aircraft can fly due to
four forces in Figure 1.1: weight, drag, lift and thrust. The weight is a force due to
the gravity of the earth and is always toward the center of the earth. The drag, an
aerodynamic force, is the resistance force generated by the motion of the aircraft in the
air. The lift, an another aerodynamic force to overcome the weight, is generated by
the aircraft’s wing. And the thrust is a force created by a power source which gives
the aircraft forward motion. In the level flight at constant speed, the thrust exactly

, Drag

Thrust

Figure 1.1: Four forces on an aircraft.

equals the drag and the lifts exactly equals the weight. In order to economize the power
source, we want to reduce the drag and enhance the lift. In all cases, there are many
research in the drag reduction and lift enhancement.



2 Visual servoing control

For instance, Airbus expects in 2020 to decrease by 50% the CO2 emissions compared
to a standard aircraft in 2000, and 20% of this decrease being expected from the airframe
by diminishing the fuel consumption of their aircrafts through aerodynamic drag reduc-
tion and structural weight savings | |. In the aerospace drag reduction, the
flow control such as laminar flow control and turbulence & separation may achieve 15%
of the drag reduction as shown in Figure 1.2 (taken from | D.
The main question is how to reduce the drag and enhance the lift in the motion of air-

Drag Technology Drag Reduction
Break-down Opportunities Potential

Parasitic Drag

100 S e |
— — . Shock Control .39
Total Drag | InterferenceDrag | , Novel Configurations .
%]
80 Lift « Shape Optimisation
Induced « Adaptive Wing Devices -7%
Drag « Wing Tip Devices
60 « Load Control
40
NiorOue « Laminar Flow Technology
o Turbulence & Separation -15%
- Drag Control Technologies
5 Total - 25%

Figure 1.2: Drag reduction potential.

craft or vehicle 7 In order to reduce the drag and enhance the lift, we must know when
the fluid flow has the minimum value of the drag and the maximum value of the lift.
Therefore, the objective is minimizing the drag and enhancing the lift. More precisely,
we need to control the fluid flow from its current state to a desired state.

In the next section, we present the visual servoing control which will be applied to
the flow control.

1.2 Visual servoing control

The visual servoing or visual servo control aims to control the motions of a robot by
using data provided by a vision sensor | |. Tt is now
a well established technique in the robotics community. More precisely, to achieve a
visual servoing task, a set of visual features s(t) is selected from the image of the scene
being observed. A control law is then designed so that this set of visual features s(t)
reaches a desired value s* corresponding to a desired state of the system. The dynamic
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of the error vector e(t)= s(t) — s* is then given by

o(t) = Oe(t)
ot

where u(t) is the system control inputs assumed to be velocities, Le(t) is the so-called
interaction matrix, see previous works in | | or the image Jacobian
that links the time variation of the visual features to the variation of the control signal
acting on the system and Oe(t)/0t expresses the variation of the error vector due to
the free motion of the visual features. The control goal is of course to regulate the
error vector e to zero. The control law is built from (1.1) using the knowledge or an
approximation of the interaction matrix and an approximation of the free motion of
the visual features. Visual servoing has shown impressive results in numerous complex
contexts such as underwater, medical and aerial (helicopters, blimps) robotic as shown
in | |.

If we would like for instance to try to ensure an exponential decoupled decrease of
the error

+ Le(t)u(t), (1.1)

é(t) = —Xe(t). (1.2)
We now obtain
oe(t)
ot '’
where Lj is the Moore Penrose pseudo-inverse matrix of Le. If Le were a square and
invertible matrix, the control law could be

u(t) = —AL{ (t)e(t) — LI (t)

e

(1.3)

Oe(t)
ot -
Note that the interaction matrix Le may be not a square matrix but must be full rank
matrix, therefore we use the Moore Penrose pseudo-inverse matrix L.
We shall apply this technique to control the fluid flow. The visual feature s(¢) may
be equal to the velocity, the skin friction drag and the kinetic energy density.

u(t) = —A\L;1(t)e(t) — L1 (1)

e

(1.4)

1.3 Plane Poiseuille flow

The plane Poiseuille flow is chosen to study in this thesis because this flow is more
adapted to the control theory than the other flows, contains a fundamental character of
the flow control and illustrates many of the important unsolved issue of the flow control.

The active control, more precisely the visual servoing control in the closed loop
system of the plane Poiseuille flow is proposed to obtain the stability of this flow. Since
the governing equations of the plane Poiseuille flow are the Navier-stokes Equations,
a popular partial differential equation in fluid dynamics, we use spectral method to
convert the partial differential equations of Navier-Stokes Equations to a set of ordinary
differential equations. A standard formulation in automatic control is presented for
the plane Poiseuille flow where the control inputs are the boundary conditions, more
precisely the velocity at the walls. The visual servoing control is applied on the standard
formation in automatic control to achieve the stability of the flow.

In the next section, we present the outline of the thesis.
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1.4 Outline of the thesis

This thesis aims to study the implementation of the visual servoing control for the active
control of the plane Poiseuille flow. Transition to turbulence is one of interests where
the flow becomes turbulent with the growth of its kinetic energy density. The reduction
of the skin friction drag is also a potential application in engineering problems. The
goal of this thesis is to minimise both the kinetic energy density and the skin friction
drag. By using the visual servoing control, we show in this thesis that the kinetic energy
density and the skin friction drag are monotonically decreasing over time to ensure the
stability of the flow.

The outline of this thesis is as follows.

Chapter 2 presents some fundamentals of flow control. The basic definitions of the
fluid flow are given such as the density, the viscosity, the Reynolds number, the kinetic
energy density. Indeed, the kinetic energy density is a physical quantity to study the
stability of the fluid flow. Therefore, we want to minimize the kinetic energy density.

Chapter 3 introduces some fundamentals of automatic control. This chapter allows
us to understand the process of control system based on simple examples. The control
theory of linear and nonlinear systems is derived. The stability and stabilization of
systems are also discussed in detail.

Chapter 4 presents previous works and the objectives of this thesis. Here we intro-
duce the problem of flow control and propose the solutions. The goal of this thesis is to
use the visual servoing control to apply to the plane Poiseuille flow in order to improve
the stability of flow control and reduce the skin-friction drag.

Chapter 5 gives a modeling of the plane Poiseuille flow where the Navier-Stokes
equations are modeled to a standard model in the automatic control. We control the
plane Poiseuille flow by using the blowing/suction boundary control. The number of
degrees of freedom is the number of independent control signals.

The originalcontribution is in Chapter 6 where the partitioned visual servoing control
is applied to obtain an exponential decrease of the skin-friction drag. The next con-
tributions concern how to obtain an exponential decrease of the kinetic energy density
in the controlled flow. Since the minimization of the kinetic energy density relates the
degrees of freedom, Chapter 7 shows how to increase the number of degree of freedom.
The minimization of kinetic energy density is improved as the function of increasing
the number of degrees of freedom. In particular, Chapter 8 presents a design of the
visual servoing control in order to obtain an exponential decrease of the kinetic energy
density. Chapter 9 introduces a reduced order controller where an approximation of the
exponential decrease of the kinetic energy density is obtained even using two degrees of
freedom.

Finally, Chapter 10 gives conclusions from the work described in this thesis and
suggests possible directions for future work.



Chapter 2

Fundamentals of Flow Control

This chapter is fundamentals of flow control. The fluid mechanics is briefly presented.
Some definitions and some physical quantities are considered in the fluid mechanics
such as the viscosity, the Reynolds number, laminar and turbulence. As well known,
the Navier Stokes equations are the governing equations of the flow. The kinetic energy
density is introduced as a physical quantity which is necessary used to study the stability
of flow. The general flow control is given in the end of this chapter where the first views
of the flow control are brought out.

2.1 Fluid mechanics

In this section, the fluid mechanics and its basic quantities are presented. The viscosity,
the Reynolds number, laminar and turbulent flows are focused. This summary is taken
from previous works, especially | |. It must be noted that
the flow can be change its state, laminar or turbulent state. Therefore, the ideal of this
thesis is to control the flow from its current state to a desired state.

2.1.1 Introduction

The fluid mechanics is the science of the study of fluids and the forces on it such as
the friction forces, the inertial forces and the gravitational forces. It is a branch of
physics which studies the statics and dynamics of liquids and gases. It contains two
main sub-branches:

e Fluid statics studies fluids at rest.
e Fluid dynamics studies fluids in motion.

The fluid dynamics is distinguished by two sub-branches: aerodynamics and hydrody-
namics. Aerodynamics studies the motion of air and gases while hydrodynamics studies
the motions of liquids. But it is very difficult to distinguish the aerodynamics and the
hydrodynamics when the liquids can change its state from liquid state to gases state
due to the temperature.
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The fluid mechanics, especially the fluid dynamics, is an active field of research with
many unsolved or partly solved problems. The analysis of the behavior of fluids is based
on the fundamental laws of physics that relate the conservation of mass, momentum
and energy. With the help of computer, the fluid mechanics can be solved by numerical
methods where the computational fluid dynamics (CFD) is an approach to solving the
fluid mechanics problem. The direct numerical simulation (DNS) and the large eddy
simulation (LED) are two of many tools of CFD which are usually used to study
the fluid mechanics problems. In engineering applications, the fluid mechanics has
many applications in various fields such as marine engineering, acronautics, meteorology,
climatology and oceanography.

2.1.2 Types of fluid

The fluids may also be classified into two families by their relative viscosity. The
viscosity is one of their physical chemical characteristic that is defined later in the next
section. The two large families are:

e Newtonian fluid, a fluid whose stress at each point is linearly proportional to its
strain rate at that point, such as water, air and most of gases.

e Non-Newtonian fluid is a fluid whose flow properties differ in any way from those of
Newtonian fluids, such as the blood, gels, sludges, pastes, suspensions, emulsions.

Note that in physics, the shear stress is a physical quantity that expresses the internal
forces. In a solid, the shear stress is a function of strain. Nut in a fluid, the shear stress
is a function of strain rate. In this thesis, only the Newtonian fluid is considered and
classified by

e Ideal fluid is a fluid whose movement can be described without taking into account
the effects of friction.

e Real fluid is a fluid whose movement are taking into account the effects of friction.

e Compressible fluid is a fluid whose volume is a function of variation of pressure.
Gases are considered as a compressible fluids, such as the air, hydrogen, methane
in the gaseous state.

e Incompressible fluid is a fluid whose volume is not changed by a variation of
pressure. Liquids can be considered as an incompressible fluids, such as water,
oil.

2.1.3 Physical characteristics

2.1.3.1 Density

The density is defined as an objects mass par unit volume. The density is calculated by

p (2.1)

m
V,’
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where p is density (kg/m?), m is the mass (kg) and V, is the volume (m3). We give
some examples of density, for the benzene p = 0.88 103kg/m3, water p = 103kg/m?, air
p = 0.001205 103kg/m? and methane p = 0.00717 103kg/m3.

2.1.3.2 Viscosity

The viscosity is a quantity that characterizes the internal friction of the fluid. In other
word, the viscosity is a measure of a fluid’s resistance to flow, e.g. molasses is highly
viscous, water is medium viscous and gases are low viscous. In order to give a form of
viscosity, the flow between two parallel plane plates is studied, see Figure 2.1 (taken

from | |). The shear stress 7 is the force per unit surface
U
_—
- h
_—
yT I

Figure 2.1: Velocity distribution in a viscous fluid between two parallel plane plates,
plane Couette flow. U is the maximum velocity, the velocity w at y is calculated by
u=yU/h.

area of the plates
du
= — 2.2
TRy (2.2)

this equation is Newton’s law of friction and can be interpreted as the defining equation
of the viscosity. Note that the dynamic viscosity is in general a function of the temper-
ature and the pressure, e.g. for water p = 1.787 1073 Pa.s at 0°C, pu = 1.002 103 Pa.s
at 20°C and p = 0.2818 1073 Pa.s at 100°C. The kinematic viscosity is the ratio of
dynamic viscosity to density and is given by

v=" (2.3)

p
It must be noted that if the relation between the shear stress 7 and the velocity gradient
du/dy is nonlinear, the the fluids will be called non-Newtonian fluids.

2.1.4 Reynolds number

The Reynolds number is one of fundamental important numbers in the fluid dynamics.
This number helps us to distinguish a laminar or turbulent state of the flow. In order
to give a form of the Reynolds number, we consider the forces on a volume element
in the fluid, as shown in Figure 2.2 (taken from | |). The
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following forces generally act on a volume: friction forces (proportional to the viscosity
), inertial forces (proportional to the density p), pressure forces and volumes forces
(e.g. gravitational force) but we only consider the ratio of the inertial forces to the
friction forces. This ratio allows us to give a definition of the Reynolds number.

VR
N NN S L
S dy Y
|
[N |
dy |
_ k----]-~
T «——=><_]/dz
—

Figure 2.2: Friction forces acting on a fluid particle.

For motion which is mainly in the x directions, the inertial force per unit volume
is pdu/dt where u is the velocity component in the x direction. Therefore, we can give
the inertial force (see | |, p-13)

du Ooudx ou

TP T Parar ~ Mo (24)
While the shear force is given from (2.2) by the following expression
0 0
(1 + a—;dy)dxdz —1dxdz = a—;dxdydz. (2.5)
Consequently, the friction force per unit volume is thus given by
or 0u
Fe=—=p——. 2.6
I = oy "oy (2.6)
Indeed, the ratio of inertial to friction forces is given by
inertial force  pudu/0x 27)

friction force  pd?u/0y?’

When we consider the sphere in the flow illustrated in Figure 2.2. It is now necessary
to investigate how these forces are changed when the magnitudes which determined the
flow are varied. The latter includes the density p, the viscosity u, a respectively velocity,
e.g. the free stream velocity Vg, and a characteristic linear dimension of the body, e.g.
the diameter d of the sphere. The velocity u at some points in the velocity field is
proportional to the maximum velocity Vg, the velocity gradient du/dx is proportional
to Vg/d, and similarly 0?u/0y? is proportional to Vz/d?. Therefore, we get
inertial force  pudu/Ox pVEd  pVr

= = = . 2.
friction force — pd?u/dy?  uVpd?*>  pd (28)
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The Reynolds number is a dimensionless number and expresses the ratio of inertial force

to friction force as calculated by

r=YEd (2.9)

v

And the critical Reynolds number is the Reynolds number where the flow can change its
state, from laminar to turbulent state. In the next section, the laminar and turbulent
flows are presented.

2.1.5 Laminar and turbulent flows

The process by which turbulent flow develops and replaces laminar flow is known as
transition. This process is emphasized in Figure 2.3 (taken from | ). It is
noted that the laminar flow is characterized by the layers moving parallel to others
while the fluid motion in the turbulent flow is highly random and unpredictable. The
transitional flow is a process between the laminar and turbulence, this flow contains
both laminar and turbulent characteristics.

Transitional flow
7

Laminar

Turbulent flow
Figure 2.3: Subsonic open jet with areas of laminar, transitional and turbulent flow.

Since laminar to turbulent transition is specified based on the critical Reynolds
number, we must be determined this number. Fortunately, in linear theory, the critical
Reynolds number is given based on the stability theory as linear stability analysis and
energy methods. An example of linear stability analysis or energy methods is found in
| | or | I, | |, respectively.

The idea of this thesis is to control the flow in order to change its state from the
current state to a desired state to satisfy our goals, e.g. the flow is controlled from the
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turbulent flow to the laminar flow due to the potential application of laminar flow. To
do that, both the passive and active controls will be presented in the next sections and
the following of this thesis. The subject of this thesis is precisely in the next chapters,
especially in the state of the art.

The basic physical quantities have been presented in the fluid dynamics, and the
laminar and turbulent flows have been focused. In the next section, the governing
equations of the fluid flow are the conservation of mass and momentum.

2.2 Governing Navier-Stokes Equations

The governing equations of the fluid flow are introduced. Note that only the impor-
tant equations of Navier-Stokes equations are recalled (see | | for more
details).

Consider the behavior of a fluid in 3D cartesian coordinates illustrated in Figure
2.4. The velocity field is denoted V = (U(z,vy, 2,t),V(z,y, 2z,t), W(x,y, z,t)) where
(U(z,y,2,t), V(x,y,2z,1t), W(x,y, z,t)) are the velocity components in the x, y and z
directions. We recall the works of Aamo | .

‘ V +Ay

Vly
ul, ULias
—_— L’ —
z /// W’Z
YA ‘
(x,y,2) * |

Figure 2.4: Control volume for derivation of the governing equations.
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2.2.1 Conservation of mass

We use a mass balance over the volume in Figure 2.4. The equation of conservation of
mass is given

rate of mass accumulation = rate of mass in - rate of mass out, (2.10)

where

rate of mass in = (pU)|,AyAz + (pV)|,AzAz + (pW)|. AzAy
rate of mass out = (pU)|s12:AyA2 4+ (pV)|y+ayA2Az + (pW)|.4a-AxAy

(2.11)
Therefore, we obtain
0
DArAyAz = (P = (Ul ard Bz + (V)] — (Vs sl ArAz g 1o

W)z = (pW)]2+a-]AzAy

or we can rewrite the above equation by dividing the volume AxAyAz

9p _ [(PU)lz)) = (pU)lataa] | [(V)ly = (pV)ly+ay] | [(6W)I: = (pW)lzva:] (2.13)

ot Ax Ay Az
When Az — 0, Ay — 0 and Az — 0, we get
dp _ 9(pU) 0(pV) O(pW)

A - - 2.14
ot Ox oy 0z ( )
We can have a compact form of the equation of conservation of mass
0
9P L. (pV) =0, (2.15)
ot
where V is the velocity, p is the fluid density, and the gradient operator is given by
g o0 0
= (=, =, —=). If an incompressible flow is considered, the fluid density p is a
Ox’ 0y 0z

constant, the equation of conservation of mass will become the equation of continuity

V.V =0 (2.16)

2.2.2 Conservation of momentum
The equation of conservation of momentum is given

rate of momentum accumulation = rate of momentum in - rate of momentum out

+ sum of force acting on system. (2.17)

We calculate the momentum in the x-direction

rate of momentum in = (pU?)|,AyAz + (pUV)|,AxAz + (pUW)|,AzAy
rate of momentum out = (pU?)|y+a:AyA2 + (pUV)|y+ayDzAz + (pUW)| 4 n-AxAy
(2.18)
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And we calculate the sum of forces acting on system

sum of forces acting on system = (Tuz|e — Toe|z+az) AYAZ + (Tyzly — Tyzly+ay) AzAz
H(Tozlz = Toaleraz) ATAY + (Ple — Ployaz) AyAz
(2.19)

where 7;; denotes the viscous force acting in the direction of f on a face normal to the
i-direction. Therefore, we obtain

d(pU)

—5r AwdyAz = [(pU?)|e = (pU?)|o+aal AyAz + [(pUV)ly = (pUV)]y4ay] ArAz

H(PUW) |2 = (pUW) o4 az] ATAY + (Taw|e — Taxletaz) AyAz
+(Tym‘y - Tyx|y+Ay)A$AZ + (Tz:p|z - sz|z+Az)AfL‘Ay
+(P’$ - P|x+Am)AyAZ
(2.20)
We can rewrite the above equation by dividing the volume AzAyAz and letting Az — 0,
Ay — 0 and Az — 0, we get

o(pU)  0(pU?)  9(pUV) IpUW) 0P Oryy  Omys  OTg
o tTor T ey YT e T o o oy 0. 22

When p = constant, we have

oU U oU U ou oV oW
vor U TV T W) T G Ty e (222)
oP OTsa B aTyg; _ 0Tz .

ox ox oy 0z

. ou v oW
Using (2.16), it means D + En +—=— P =0, we get
oUu oUu oUu oU OP 0Ty OTyx OTup
= CoavE awy = S fee e 2.2
TGl i iU Rt i Pl Wl (2:23)

Therefore, by using the similar way for the momentum in the y and z directions, we get
the complete set of equations

oU | OU U LOU 0P Ory O Or
o ,oU  oUy 0P Ot  Omys 9.94
P TP U TV, V) T T T e ey os (2:24)
ov ov ov ov OP  0may  Omyy  O1y
vy v i 2Ty = — 2.2
TGl i iU ey il el Pl (2.25)
oW oW oW oW, 0P Or. Or. Or.
__op _ _ 9Ty 2.2
P TP U YV e V) T e e ey e (2.26)
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The viscous forces 7;; is a function of the fluid motion V = (U, V,W). We consider the
Newtonian fluids, we have

ou ov ow

o = =2 Ty = =i Tee = 2 (2.27)
Toy = Tyz = _M((ZZ + %) (2.28)
Tyz = Toy = —M(% + %2/) (2:29)
Toz = Togx = —M(%LZ] + %) (2.30)
Substituting ((2.27)-(2.30)) into ((2.24)-(2.26)), we get
p%—[i + (UZ—U+V2—U+W68U) (2.31)
p%‘t/ + (Uaa—v + V(Z—V W%—‘:) = (2.33)
R e 39
5 s+ ) T gyt ) ()
Using aaU + ?9‘; + 381/: = 0, the Navier-Stokes equation of motion is given by
p%[t] (U?)U - V%U W%Z) = _(2)]; - u(f;g + ?;y(g] + (?;Z(Q]) (2.37)
p%‘;—i-p(UaaV—i-V(?/—FWaa‘Z/) = —g];—u(gi‘g +(Z)2y‘2/+ 6;;2/) (2.38)
e e S IR LA S TEx
We can get a compact form
N ooV = —;vp +2av, (2.40)

where u = pv is the dynamic viscosity, and and the Laplacian operator is given by
0? 0? 0?
~ o2 Tap T
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2.2.3 The Dimensionless Navier Stokes Equations

The Navier-Stokes equations can be written in dimensionless. We can rewrite the Navier
Stokes in dimensionless form by introducing a characteristic length d and the charac-

teristic velocity Vg. The new variables are dimensionless
\% u v w

v* = VW) = — = (—, —, — 2.41
O VW) = 5 = (g ) (2.41)
T T e
pP* = pV}%’x =y =2 —d,t = dt (2.42)
Therefore, we get a change of variable
ou oU* ot VEoU*
ot Moot T d o (243)
ou oUu* ox* Vi oU*
e = = 2.44
ox oz o d Ox* ( )
oP ,OP* ox*  pVEOP*
el =T 2.4
Ox PYR G2+ Bz d Ox* (245)
0*U 9 ,0U* dx* VR o*U*
_ or. _ YROTU- 2.4
Ox? 8:6*(856* ) ox d? Ox*2 (2.46)
Using the new variables, we have
ou* . ov* n ow* 0
or* oy* oz
oU* LoU* LoU~* LoU* oP* 1 9*U*  Q*U*  0°U*
o U amr TV o TV o) T o RGeE T T et
ov* ov* ov* ov* oP* 1 9*v*  Q*v* Qv
* * w* - _ =
o U TV e W) oy R\ox? T ay? T 9a7)
ow* LOW™ LOW™ LOW™ oP* 1 9*W*  9PW*  9PW*
o T TV TV ) T o TR e Ty e

where the Reynolds number R = pdVg/u. We skip
convenience, we get

ou ov oW

the superscript * for notational

awtayta, =0 (2.47)
ou ou ou ou orP 1,0°U 0°U 0*U
LUV W) = o 2.4
o T U Ve, t S, or  Ro:z "oz Tz (248
oV ov oV )% orP 1,0°v  0°V 9*V
— — — W) = —— = 2.49
ot "W TV TV oy Rla Tap tam) 249
ow ow ow ow oP 1,0°W  9*W  0*W
— = —— = 2.
o T U TV T 5z Rl T ap T o) 250
Finally, the Navier-Stokes equations for an incompressible fluid flow are
{ A\VAYS =0
A% 1 (2.51)
— . =-VP+ =AV.
En +(V.V)V VP + I AY
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2.3 Kinetic energy density

In order to determine the state flow and its stability, we have to give a quantity which
is to capture the change of the state flow. The kinetic energy density of an object will
be the energy if it possesses due to its motions. Indeed, this quantity can capture the
stability of the flow. In the fluid dynamics, the kinetic energy density is given by

1

e(t) = & , vZdV,, (2.52)

where v = V — V, is the perturbation between the velocity V and the steady solu-
tion V., V, is volume. On the other hand, the kinetic energy density is a physically
interesting measure of perturbation magnitude.

In the hydrodynamics, the stability theory is used to investigate the behavior of the
fluid flow. Note that the kinetic energy density has a similar role with respect to the
Lyapunov function in control theory. This function will be defined later in the next
chapter. Therefore, the kinetic energy density is not only a measure of the stability of
the dynamic system but also is the actual energy of the flow.

The transient energy growth is the growth of the kinetic energy density in time.
In previous works, the transient energy growth is a function of the Reynolds num-
ber. In | |, | |, the transient en-
ergy growth could grow up to O(R?) in the transient time period, which is propor-
tional to O(R) in the transient time period (see section E.1 for more detail). In
[ |, [ |, if the streamwise wavenumber
is constant, the transient energy growth could grow up to O(R?) in the transient time
period. The transient energy growth gives the informations when the Reynolds number
becomes the critical Reynolds number which specifies laminar and turbulent flows.

The definitions of stability and the critical Reynolds numbers are presented in the
following, these results are taken from | |. Tt is noted that
V is the velocity of the Navier Stokes equations (2.51).

Definition 2.3.1 Stability
A solution V to the Navier-Stokes equations (2.51) is stable to perturbation if the per-
turbation energy satisfies

umt%oz((é)) 0. (2.53)

Definition 2.3.2 Conditional stability

If there exists a threshold energy 6 > 0 such that 'V is stable when £(0) < & then solution
V is said to be conditionally stable.

Definition 2.3.3 Global stability
If the threshold energy is infinite, i.e. § — 0o, the solution is said to be globally stable.

Definition 2.3.4 Monotonically stable
If

=£(t) <0, (2.54)
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then the solution s said to be monotonically stable.

Based on the definitions of stability, it is appropriate to introduce the following
critical Reynolds numbers

Definition 2.3.5 For R < Rg the flow is monotonically stable

Definition 2.3.6 For R < Rq the flow is globally stable

Definition 2.3.7 For R < Rr the flow will relaminearize

Definition 2.3.8 For R > Ry, the flow is linearly unstable or not conditionally stable

The critical Reynolds number is given for the plane Poiseuille and Couette flows in

Table 2.1 (taken from | I, | ]), see Figure 2.5 for its
profile.
Flow Rrg | Re | Rr | Rr
Plane Poseuille || 49.6 | - | 1000 | 5772

Plane Couette || 20.7 | 125 | 360 00

Table 2.1: Critical Reynolds numbers from the literature.

Y
Y
Y=+ Y=+1
Y=1 Y=-1
o
o
(a) plane Poiseuille flow (b) plane Couette flow

Figure 2.5: Plane Poiseuille and Couette flows and its profile.

Based on the kinetic energy density, the path of transition to turbulence will be
briefly presented in the next section.

2.4 Path of transition to turbulence

This section briefly presents the path of transition to turbulence. Indeed, it must be
noted that it is very difficult to explain the path of transition to turbulence and it is
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not the subject of this thesis. Therefore, our goal is to demonstrate that it exists some
paths of transition to turbulence. Consequently, the path of transition to turbulence is
generally classified in Figure 2.6 (taken from | |). Some definitions
must be given before considering the details of the paths.

The process of a laminar flow becoming turbulent is known as laminar-turbulent
transition (or called transition to turbulence). This is an extraordinary complicated
process which at present is not fully understood.

Note that the stability theory is used to investigate the behavior of the fluid flow
and the numerical methods are used to give a solution. The flow is modeled to a model
by numerical methods such as a spectral method and a finite element method. An
approximation solution is derived. The Navier Stokes equations are transformed to
the Orr-Sommerfeld and Squire equations. In order to determine the stability of the
flow, we study the eigenmodes and eigenfunctions of the Orr-Sommerfeld and Squire
operators. We will present these operators in the next chapters. The behavior of
approximation solution is based on considering the eigenmodes which are considered as
the eigenfunction of a system. The eigenmode will be presented in the next chapter.
The role of eigenfunction of operator is considered as the eigenvector of a matrix, the
eigenmode growth corresponds to the eigenfunction with the positive eigenvalue. The
problem of transient energy growth is called as the non-normality problem, the transient
energy growth appears even though the negative eigenvalues. These problems will be
precisely in the next chapters.

Tollmien-Schlichting mechanic is the streamwise instability, more precisely if we
consider the 2D flow, the approximation model contains positive eigenvalues. Therefore,
the transient energy growth is infinity. Therefore, we only need to consider the positive
eigenvalues. The eigenmode growth is called in this case.

We consider the transition to turbulence. The five paths of transition to turbulence
are clarified in | I, | I, | |, from
path A to path E, as shown in Figure 2.6.

Definition 2.4.1 Path of transition to turbulence (taken from [ /)

e Path A corresponds to the situation where transient growth is insignificant and
transition is due to traditional Tollmien-Schlichting or Gortler mechanisms.

e Path B indicates some transient growth providing a higher amplitude to the eigen-
mode growth upon crossing into an exponentially unstable region.

e Path C is the case where eigenmode growth is absent or else that the transient
growth is large enough to directly excite secondary instabilities and mode interac-
tions.

e In Path D, the result of the transient growth is that the spectrum of disturbances
is full it looks like a turbulent spectrum.

e Path FE represents the case of very large amplitude forcing where there is no linear
regime.
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increasing disturbance level

»
>

Forcing Environmental Disturbances

L

Receptivity Mechanisms

v

@ Transient Growth
v
Eigenmode Growth @ @ @
‘ L 4 v v

Parametric Instabilities Bypass
& Mode Interactions Mechanisms
Breakdown
Turbulence

Figure 2.6: Path from receptivity to laminar-turbulent transition.

Some special cases where the path of transition to turbulence correspond to the
critical Reynolds number are given. The path A corresponds to the Reynolds number
R > Ry (e.g. R > 5772 for the plane Poiseuille flow) while the path C corresponds
to the Reynolds number Rg < R < Ry, (e.g. 49.6 < R < 5772 for the plane Poiseuille
flow).

2.5 General flow control

The flow control techniques allow to modify a current state of a flow to another state or
maintain its current state whatever external disturbance. We can act everywhere inside
the flow or only at the walls (by modifying the boundary conditions). The potential
benefits of the flow control are in engineering applications, e.g. in transportation domain
(aircraft and vehicle water), environment domain (combustion, bioengineering) and
chemical industry: drag reduction, lift enhancement in aerospace, aerodynamic noises
reduction, enhance mixing etc.

The flow control is based on the boundary layer theory, transitional and turbulent
shear flow theory. And the flow control may be passive or active such as natural laminar
flow, laminar flow control, polymer drag reduction, chaos control and networks control.
The passive or active strategy can be considered to control a flow with common control
objectives | |: delaying or advancing transition from laminar to tur-
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TRANSITION Transition in Free-Shear Layer May REATTACHMENT
Lead to Reattachment Fé?#lgafn)

SEPARATION

uonsuel) Jaye Jaybiy Beiq uonol4-upis
Y] sadueyuy

Induced Drag
DRAG \ LIFT

Lift-to-Drag Ratio

Figure 2.7: Interrelation between flow control goals.

bulent flow, suppressing or enhancing turbulence, preventing or provoking separation.
And their goals are: reducing the drag, enhancing the lift, augmenting the mixing of
mass, momentum or energy, suppressing the flow induced noise and a combination of
all above. The interrelation of flow control goals is shown in Figure 2.7 (taken from
| |). The most control applications are found in the scientific literature
such as control of jets, transition control, separation control, wake vortex control and
drag reduction.

In this thesis, a feedback control is focused on the flow control. This technique is
based on the frontier of flow, or more precisely the boundary conditions, as the technique

blowing and suction | |, when the sensors and actuators are available.
An example of this technique is applied to the airfoil | ].
Bewley | I, | | has discussed the future of feedback flow control

and the need for a renaissance approach. Therefore, we must understand the fundamen-
tal flow physics and the requirements and limitations of control algorithms to achieve a
feedback control schemes. The flow control is a combination of fluid mechanics, math-
ematics and control theory.

In this chapter, some basic definitions about the fluid flow have been given. In the
next chapter, the detail of feedback control for a dynamic system will be presented,
especially a linear feedback control for the nonlinear dynamic system.
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Chapter 3

Fundamentals of Automatic Control

Automatic control is a science at the intersection of engineering and applied mathemat-
ics. Its aim is to control a dynamic system and consider the evolution of the dynamic
system in time. In the controlled system, the action is required to achieve a desired state
x* from any initial state and maintain the desired state with any external disturbances
to the system. The fundamental concepts in automatic control will be introduced:
stability, controllability, observability and stabilization.

3.1 Definition of open-loop control, forcing and closed-loop
control

The difference between the open-loop system and the closed-loop system is introduced
through a simple example.

3.1.1 Problem description

In this example, our goal is to regulate the temperature of a room from a radiator. A
boiler provides the hot water in the radiator, the flow of the radiator is controlled by
a valve. We want to act on this valve to achieve the desired temperature whatever the
external disturbances: the presence or absence of sunlight, the opening of a window and
the change of shape of radiator or valve.

3.1.2 Open-loop control

u* £ = f(u*)

System

Figure 3.1: Open loop control case.

21
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This approach is based on a complete modeling of the real system. It leads to a
relationship (usually very complex) between the flow of hot water volume and the room
temperature. Note that this relationship depends on many parameters, such as building
materials of the room and the radiator, the shape of the valve which controls the flow of
hot water volume, the surface of windows. This model is very complex. An open-loop
approach is proposed to write this model, and we must calculate the flow of hot water
volume via the valve to obtain the desired temperature in the room. Assuming that such
as a model can be obtained, the reader suspect that it will be robust to a variation of
one of the component parameters. Indeed, this approach is only done if everything has
been properly modeled. It seems illusory in practice, it will be very difficult for example
to take into account the consequence of the opening of the window or the appearance of
the sunlight or any other provision of unmodeled temperature. Therefore, this approach
is systematically avoided in automatic control.

3.1.3 Closed-loop control

Disturbances W

*
Reference X u Output

+ Controller System

Mesurement X

Obsevation

Figure 3.2: Closed loop control case.

This approach is completely different from the open-loop control. This approach
is always based on a model linking the actuator to the quantity to be controlled but
this model is now very rough. It may be for example sufficient to say that the room
temperature will be an increasing function of the opening of the valve. This approach
requires a measurement of the ambient temperature. A device will compare the ambient
temperature and the desired temperature, then actuates the opening of the valve. Such a
device could be for example a proportional control where the action will be proportional
to the difference between two temperatures. This approach will depend on less external
disturbances: the opening of the window or the presence or absence of the sunlight.

3.2 Benefits of using closed-loop control

In the following section, we clearly prove the benefits of using a closed-loop approach
through simple examples.
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3.2.1 First example: water tank

In this example, we provide a way of closed loop control for a dynamic system. Moreover,
we demonstrate some advantages of the closed loop control with respect to the open
loop control

3.2.1.1 Problem description

We want to regulate the depth water h to the desired depth water h* in a water tank
as described in Figure 3.3. The water tank is filled by the flow in ¢; while the flow out
is ¢o,. And the surface is denoted S.

qi

:\l

qo

Figure 3.3: Open loop control in the water tank.

The dynamic equation of the water tank is the equation of the volume variation

volume variation = flow in - flow out, (3.1)
that is dhit)
ST = qi(t) — qo(t), (32)

where ¢,(t) = ah(t) where a is unknown parameter, however this parameter depends
on the geometry of the water tank and the way of the flow out. Therefore, we get the
dynamic equation of the depth water

dh(t)

dt
Providing the flow in ¢;(t) in order to achieve the desired depth water, we give two
approaches to do it in the next section.

S = qi(t) — ah(t) (3-3)

3.2.1.2 Behavior of the system in the open loop control case

This approach does not use any measurement and the flow in ¢;(¢) is proposed to be
constant

qi(t) = q; = oh”. (3-4)

Note that in practice, it is difficult to regulate ¢;(t) to the exact value because ¢;(t)
depends on the unknown parameter . We have

C”C"l(tw:q;_ah(t)jcmwzﬁ_a (t):}h(t):%(l—e_%t) (3.5)

S dt s S
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*

: S
We denote ho = % andr="2. We get
o @

at

h(t) = hoo(1 — e~ %) (3.6)

It is clear that the system is stable without the control signal. It means that the depth
water h tends toward the desired value h(t) — heo, in theory after an infinite time and
in practice a time ¢ = 37 (the error between the depth water and its desired value is
5%). However, we cannot give the exact time ¢t = 37 because the parameter 7 depends
on the surface S and the unknown parameter a.

We consider the behavior of the system when the measurement error occurs. When
the surface occurs an error S' and the response time depends on the parameter 7

T =—=—=T, (3.7)

therefore we cannot give the exact value of response time. And when the flow in occurs
an error q;, the depth water is given

/ /

: g h* — K :

pr=i e L0 0 g 0 (3.8)
@ i h 49

we have an error on the desired value of the depth water. Another case, when the

’ .
unknown parameter « occurs an error o . The response time has an error
T =—=—=T 3.9
/ a/ ) ( )

and the desired value of the depth water has an error

h* — B
L (3.10)

h’* _ qzk
h* o

— = g/h* =
Q@ Q

Conclusion, the above results allow us to ensure that the system behavior is not
robust to the measurement error when the open loop control case is used. Furthermore,
the behavior of the system depends on the system parameters. Therefore, we need an
approach which is robust to the measurement error and leads the system behavior to

be independently on the system parameters.

3.2.1.3 Behavior of the system in the closed loop control case

In this section, we consider the system behavior when we use the closed loop control
case as described in Figure 3.4. To do it, we use a sensor to capture the depth water
h(t) and regulate the flow in ¢;(t) to achieve the desired value h*. A feedback control
law is proposed as a function of h(t)

4it) = Kp(hy — h(t)) — Kah(t). (3.11)
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qi

N\

Figure 3.4: Closed loop control in a water tank.

where K, and Ky are the gain of control law while %), is a fixed parameter. We have
the closed loop of dynamic equation

Sh(t) = q(t) —ah(t) = Ky(hy — h(t)) — Kqh(t) — ah(t)  (3.12)
Kq.; K, K, +«

(1+=ht) = “Zhy—=27%h(0) (3.13)
. B K, Kyt
ht) = o ghy — gh(t) (3.14)
Kp ,Mt
— 1— ¢ Eq+s 1
h) = gyl = R (315)

Solving the dynamic equation, we obtain h(t), we must find h, to achieve the desired
value h(t) = h* at the infinite time. We propose the depth water

t

h(t)=h"(1—e"7) (3.16)
therefore, we get
K K
W= ety = hy = p}:o‘h*
o
K§+S P (3.17)
- K, +«a

Consequently, the control signal is given by

Kp Kpta, Kp Kpta,

qz(t) = Kp(hp—h(t)) —th(t) = Kp(hp— mhp(l —einJrS ))+ Kd T Shpein‘FS
(3.18)
and we get
K,1— K
a(t) = ah*+h*¥e*3 (3.19)
K,+ «

i(0) = —L——Shn* 3.20
4:(0) K, 1S (3.20)
gi(0) = ah* (3.21)

i K, 1 K 2
“O _ Kytog. 1 IKtaS T (3.22)

qi(00) K;+ S ah*  Ki+Sa 14
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where 7,4 = Ilg‘iii and 7, = g Indeed, we can adjust the response time to achieve

the reference tflrough Tq;- Note that this time only does not depend on any more the
system’s parameter. Furthermore, we can also dispense the precise knowledge of the
surface S and a when we impose K, >> a and K4 >> S, therefore we get

T = — = = T¢l
¢ K, Ky,+a ° (3.23)

ok o Kptagpx

Indeed, the behavior of the system in the closed loop case does not depend on the
system’s parameter and we can set the response time 7. Furthermore, we can write the
control input

K, — K, o :
(t) = ah* h*u%: Bt — h*KKp a -t P_p BT Ta
Q’L() a + T e «Q o pKd+Se Kp+Oé p(a ﬂe )
(3.24)
where
aty + Kyt
Tl = T K
T (3.25)
B — oK a ol
prTa + aTy
If we can set 7, = 7T, by imposing % = g or obtain a constant flow § = 0 and
Tel = Tol = Tq4, We oObtain ¢;(t) = ah* as the open loop case does. Note that when

K, >> aand K; >> S, the behavior of the system is robust to the system’s parameter.
The results allow us to emphasize the advantages of the closed loop control case with
respect to the open loop control case.

In the following section, we introduce another important issue in automatic control:
the stability of the controlled system, still through a simple example

3.2.2 Second example: pendulum

3.2.2.1 Problem description

We want to regulate the position 6(t) of a pendulum, as described in Figure 3.5. More
precisely, we want to act on the torque I'(¢) to achieve the desired position 6*. The length
and mass of pendulum are denoted by [ and m, respectively while the gravitational
acceleration is denote by g. The dynamic equation of this pendulum is given by

— = =T(%). 2
6(t) + ml29(t) + lsm(@) (t) (3.26)
: k
By using the change of variable, x;(t) = 6(t) and x2(t) = 0(t) = %x1(t), 2\ = 2k
m
wg = 9 and u(t) = I'(t). Therefore, the nonlinear pendulum (3.26) becomes

l

1 (1) = %2t
{ X;(t) = —wjsin(x1(t)) — 2xx2(t) + u(t) (3.27)
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|
|
|
|
Figure 3.5: Model of pendulum.

Note that since sin(0(t)) ~ 0(t) when —m/9 < 6(t) < +m/9, we obtain an approximation

model
X1 (t) = xa(t)
{ X;(ﬂ = —2w3xl(t> — 2Xxa(t) + u(t) (3.28)

(3.29)

where x(t) = [ ilgg ], y(t) = 6(t) and the matrices are defined by
0 1 0
st e[t et

3.2.2.2 Behavior of the system in the closed loop control case

We propose a proportioned and derive control law u(t) = g — Kx(t) = ¢ — kix1(t) —
koxa(t) for the nonlinear pendulum (3.27), where ¢ is a precompensator and ki, ko are
given based on studying the behavior of the system (3.28). The pendulum is not only
considered around 6* = 0, therefore we consider the precompensator. Note that the
precompensator is calculated from the desired position, ¢ = Hy* with y* = 6*. We
give the way where H is calculated. The closed loop of the system (3.27) becomes

x1(t) = xa(t)
{ %o (t) = —wdsin(x1(t)) — 2Xxa(t) + q — k1x1(t) — kaxa(t) (3.30)

Therefore, the closed-loop system of (3.26) becomes

0(t) + —50(t) + %sinw) = ¢ — k10(t) — ka0(2). (3.31)
When the pendulum is at the equilibrium point, we have 6(t) = 6(t) = 0 and (t) = 6*.
From (3.31), it is easy to see that

" wisin(0%) + k10"

o (3.32)
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Therefore, the control law is control law u(t) = w3sin(0*) + k10* — kix1(t) — kaxa(2t)
In the approximation model, the closed-loop system (3.28) becomes

x1(t) = x2(t)
{ x;(t) = —Z)ngl(t) — 2xa(f) + W2 + k16 — kaxa(f) — kaxa(t) (3.33)

We use wg =4, A =1 and k; = —14, ky = 0, the closed-loop system (3.33) becomes

%1 (t) = x2(t)
{ X;(t) = —22x1(t) + 20* (3.34)

The solution of (3.34) is given by

{ x1(t) = 0% + [(w10 — 0")cos(t) + (w10 + w20 — 0%)sin(t)]e ™" (3.35)

x2(t) = [zaocos(t) + (—2x10 — 220 + 20%)sin(t)]e"

where x19 and x9y are the initial conditions of x;(t) and x(t), respectively. When
the time is large enough, the position 6(t) becomes the desired position #*. We must
emphasize that k1 and ko are calculated based on the analysis of the behavior of the
system (3.28). However, we do not give the way to calculate k1 and k2, we give this
way in the next sections.

Indeed, the most important problem is to know the behavior of the true system,
that is where the control law is injected in (3.26). The close-loop true system is

0(t) + (2X + k2)0(t) + k10(t) + wisin(0) = wisin(6*) + k16*. (3.36)

The behavior of the system (3.36) is depicted in Figure (3.6). The green area corresponds
to the initial conditions (6, ) where the system (3.36) effectively reaches the desired
value (6*,0) in contrast to the red area where the system (3.36) is not able to reach
it. Two blue lines corresponds to the interval [—7/9,7/9] where the approximation
sin(f) = 0 is considered to be true. Firstly, we can see that the system converges for a
large domain outside the validity domain for which the control law has been designed. It
also shows that even in the domain for which the assumption is validated the control law
does not systematically converge. Four trajectories have been pointed out to illustrate
this result.

The goal of automatic control is to design the simplest control law that will ensure
that largest convergence area of the control law. This domain is called the stability
domain. It is recovered though a stability analysis as will be detailed in section 3.4.2.

3.3 Representation of a dynamic system

A natural choice to represent a dynamic system consists in describing the link between
the action and its consequence on the system to control, that is between the input
signal and the output one provided from measurements. In the example of the control
water depth a model could be given by the relation (3.2). On other hand, in the case of
the pendulum the relation (3.26) could be also a model. This kind of representation is
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Figure 3.6: Behavior of the pendulum.

known in automatic control as an internal representation. An external representation
also exists, in this case, the goal is to emphasize the relevance of other variables that
are not input or outputs while taking into account the whole dynamics of the system.
The state space representation is the most popular one.

3.3.1 State space representation

A state space representation is a mathematical model of a physical system as a set of
input, output and state variables related by first-order differential equations. We shall
give the definitions of state, state variable, state space.

Definition 3.3.1 State, state variable, state vector, state space

o State: the state of a dynamic system is the smallest possible subset of system
variables or quantities such as knowledge of the set at time t = tg, as well as the
input signal for t > tg, is sufficient completely to determine the behavior of the
system for t > tg.

o State variables: these are variables or quantities that constitute the state of the
system.
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e State vector: more mathematical, it represents the state of system by a concate-
nation of all the state variables in a vector, a priori real dimension n, which is

denoted by x(t) = [ x1(t) xa(t) ... xu(t) ]

e State space: this is simply the vector space in which the state vector x is likely to
change every instance of X is associated with a point in this space. This space is
R™.

Therefore, a dynamic system can be represented by a state space representation

e it it

‘ o ( H(x(1), u(t), ¢

x(t) = E = f(x(t),u(t),t) = : (3.37)
X () fa(x(t),u(t), )

where x(t), y(t) and u(t) are the state vector, the output vector and the input (or
control) vector, respectively. The dimension of the state vector, the output vector and
the input vector are n, m and p, respectively that we can denote x(t) € R", y(t) € R™
and u(t) € RP. The functions f and g are linear or nonlinear functions.
Therefore, we can give the state space representation of the nonlinear pendulum

(3.26) by

x1(t) = x2(t)

%o(t) = —wisin(x1(t)) — 2Xxa2(t) + u(t) (3.38)

y(t) =x1(t)
However, note that the specific physical quantities that define the state are not unique,
although their number is unique. We can use x1(t) = 6(t) and x3(t) = 0(t) = %1 (t)
or x1(t) = 0(t) + 7 and x2(t) = 6(t) = %1 () but the dimension of the state vector is
always two.

3.3.2 Stability of dynamic systems

Stability of a system is a fundamental issue. Indeed, an unstable system could be dan-
gerous to use in practice since its behavior is not fully predictable. However, providing
a precise definition is not so simple. We give here some basic definitions.

3.3.2.1 BIBO stability
This definition is the most intuitive one.
Definition 3.3.2 BIBO (Bounded Input Bounded Output) stability

o A system is defined to be BIBO stable if and only if, for all the initial state
xo = x(0), every input u(t) is bounded, the output y(t) is also.
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o Another definition of BIBO stability, more mathematical and " philosophically "
somewhat different, may be given: noting y*(t) the impulse response of the model,
it is BIBO stable if and only if, there exists a scalar k satisfying 0 < k < oo and

/0 Ty ) | dr <k (3.39)

A BIBO-stable model can be interpeted in this second definition as a model whose
impulse response is of finite energy signal. It is not easy to directly exploit this last
formulation. However, the study of stability of a system is through the concept of
stability of equilibrium states, especially in the state space.

In the next section the stability is defined through the state representation leading
to an “internal” definition of the stability | |.

3.3.2.2 Stability of an equilibrium state

We first have to define what is an equilibrium state. To do it, we consider the system

{ x(t) = f(x(t),t) (3.40)

X(to) = Xy

Definition 3.3.3 A system is said to be in equilibrium state if its state is not modified
when the system is not controlled. That is if f(x(t),t) =0 for allt > 0.

By translating the origin to an equilibrium point xp, we can make the origin 0 an
equilibrium point. This is of great notational help, and we shall assume henceforth 0 is
an equilibrium point of (3.40).

3.3.2.3 Stability definitions

Informally, x = 0 is a stable equilibrium point, if the trajectory x(¢) remains close to 0
if the initial condition xg is close to 0. More precisely, we say

Definition 3.3.4 Stability in the Sense of Lyapunov
x = 0 is called a stable equilibrium point of (3.40), if, for all ty > and € > 0, there exists
d(to, €) such that

| xo |< 0(tg,€) =| x(t) |< € for allt >ty (3.41)

where x(t) is the solution of (3.40), starting from xo at t.

Definition 3.3.5 Asymptotic stability
x = 0 is called an asymptotically stable equilibrium point of (3.40), if,

e x =0 is a stable equilibrium point of (5.40),
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e x = 0 is attractive, that is, for all tg > 0, there exists 6(to), such that

| x0 |< d(to,€) = lim | x(t) |=0 (3.42)
t—00

Definition 3.3.6 Global asymptotic stability
x = 0 is called a globally asymptotically stable equilibrium point of (5.40), if it is asymp-
totically stable and limy_,o | X(t) |= 0 for all x9 € R™.

Global uniform asymptotic stability is defined likewise. Note that the speed of
convergence is not quantified in the definitions of asymptotic stability. In the following
definition, the convergence to zero is required to be at least exponential.

Definition 3.3.7 Exponential stability, rate of convergence
x = 0 is called an exponetially stable equilibrium point of (3.40), if there exists m, o > 0
such that the solution x(t) satisfies

| x(t) |< me™ 1) | xq | (3.43)

for allxg € R™, t >ty > 0. The constant « is called the rate of convergence.

The main problem in automatic control is to synthetize a control law that ensures
that the closed loop system is stable. To analyze the stability of a dynamic system a
powerful tools is used : the Lyapunov Stability Theory.

3.3.2.4 Lyapunov stability theory

The so-called Lyapunov second method enables one to determine the nature of stability
of an equilibrium point of (3.40) without explicitly integrating the differential equation.
This approach is based on the use of a so-called Lyapunov candidate function.

Definition 3.3.8 Lyapunov function
A Lyapunov function is a Lyapunov candidate function, denoted V(x) such that

V(x)>0Vx#£0, V(0)=0, (3.44)

and
V(x)<0Vx#£0, V(x)=0x=0, (3.45)

We present the theorem of the local stability based on the analysis of the Lyapunov
function. The local stability is concerned around the equilibrium point. We present
the following theorems which give the stability of a system based on the analysis of the
Lyapunov function.

Theorem 3.3.1 If there exists Q) € R™ such that

e V(x)>0Vx#0€Q,V(0)=0
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e V(x)<0Vx e

then the equilibrium point x = 0 is stable. In addition, if V(x) <0Vx#0, thenx =0
18 asymptotically stable.

Theorem 3.3.2 So that we can ensure that the Lyapunov theorem can conclude the
global stability of a system, it is necessary that all the hypotheses of this theorem are
satisfied, but it also requires that the radial boundedness condition exists, that is to say

x| = 00 = V(x) = o0 (3.46)
The following theorem summarizes the conditions
Theorem 3.3.3 If there exists a function V' such that
e V(x)>0Vx#0,V(0)=0
e x| = 00 = V(x) = %0
e V(x) <0Vx#0

then x = 0 s globally asymptotically stable.

3.3.3 Observability and controllability

Even if stability issues are very important, observability and controllability issues are
also very important.

Definition 3.3.9 Controllability
A system is controllable if for any xo and x1, there exists an input signal u(t) (finite
energy) that allows the system pass from the state xq to the state X1 in a finite times.

Definition 3.3.10 Observability
A system is observable if, for any time tg, there exists a finite time interval [to,t1] such
that the state x(to) can be determined using the input signal u(t) and the output signal

y(t).

3.4 Linearized and linear systems

Of course, dealing with nonlinear equations is rarely a simple task. Thus, very often a
linearization around an equilibrium point is considered. The first observation is often
annoying that the differential algebraic equations are not linear in terms of the involved
quantities and their successive derivatives. Or, the nonlinear models are inherently
difficult to handle. This means in practice that these nonlinear equations make difficult
the analysis of system behavior and, more importantly, the control law. Therefore, even
if it is a violation of the principle of accurate description of the system dynamics, we
often decide to work in a range value of quantities around a central value constituting
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what is agreed call a function point. When the system is considered to be not too far
from the function point, we can approach the nonlinear equation by an approximation
but certainly linear equations. Without repeating the known concepts which can be used
to obtain this approximation, the nonlinear system is usually approximated by using
limited development or first order Taylor development of some mathematical functions.
So, we call the nonlinear system and its "linearized tangent" which is linearized. As
the previously example, the results in Figure 3.6 allows us to ensure that we have no
problem when we use the linear model to give a control law.

3.4.1 Representation of linear or linearized systems

As in the case of nonlinear system, we can define a state space representation. However,
as we shall show in section 3.4.1.2, another powerful representation exists

3.4.1.1 State space representation

We shall give the state space representation of the nonlinear system around its equi-
librium point. Therefore, we calculate the equilibrium point of the nonlinear system
(3.37)

YB(t) :g(xe(t>vue(t)at)'

The linearization of the nonlinear system (3.37) around the equilibrium point (x(t), ue(t))
is given by

{ f(xe(t),uc(t), 1) =0 (3.47)

(3.48)

a
u

{ x(t) = A(t)x(t) + B(t)u(t)
C(t)x(t) + D(t)u(t)

where x(t) = x(t) — X(t), u(t) = u(t) — ue(t), y(t) = y(t) — ye(t). A(t) is the state
matrix, B(t) is the input matrix, C(t) is the output matrix and D(¢) is the feedforward
matrix. These matrices are defined by

<
—~
~
S~—
Il

[ Of1 df1

O—Xl(xe(t),ue(t),t) Tm(xe(t),ue(t),t)
Alt) =
=g);1(xe(t),ue(t),t) 8—Xn(x€(t),ue(t),t)
71Xe y Uell),
I (1) 00,1 10
B(t) = :
0,00,
CO = | S 0aun) o et (1))
D) = 2 (x, (1), (). )
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For simplicity and without loss of generality, it is assumed that x.(¢) = u.(t) = y.(t) =
0, the linearization of the nonlinear system (3.37) is simplified

x(t) = A(t)x(t) + B(t)u(t)
{ y(t) = C(t)x(t) + D(t)u(t). (3.50)

If the system matrices are independent on time, a linear time invariant system will be
given by
{ x(t) = Ax(t) + Bu(t) (3.51)

y(t) = Cx(t) + Du(t).

We can distinguish between the linear system and the linearized system by considering
the matrices A, B, C and D. The system matrices of the linear system are always
constant and independent on time while the system matrices of the linearized system
may contain the time ¢ and is always considered around an equilibrium point.

3.4.1.2 Transfer matrix

As the previously figures 3.1 and 3.2, a dynamic system can be represented by an exter-
nal representation which concerns an input/output representation. The input/output
relation is called a transfer function. At this step, we have some benefits of using the
Laplace transform. We have some ways to get the transfer function but there exists one
based on the state space representation. From (3.51), we get

{ pX(p) =AX(p)+BU(p) & X(p) = (pI - A)"'BU(p)

Y(p) =CX(p)+DU(p), (3:52)

where p is the Laplace operator and X (p), Y (p), U(p) are the Laplace transform of x(t),
y(t), u(t), respectively. Note that we are not taking into account the initial condition
in the transfer function G(p). We get the relation between the input signal and the
output signal -
Y(p -1

G(p) i) C(pI—-A)"'B+D (3.53)
The transfer function D(p) is used to investigate the system behavior and provides
a basic for determining important system respones characteristics without solving the
complete differential equation. This function is usually used in SISO system (single
input single output system). The transfer function G(p) can be decomposed by the
denominator D(p) and the numerator N (p)

N®)  bpp™ 4 bpap™  + ...+ bip+bo
G(p) = @) _ bm et (3.54)
D(p) app"™ + Ap—1p +...4+aip+ag

Definition 3.4.1 Pokes and zeros

e Roots of the transfer function denominator D(p) are called poles of the system
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e Roots of the transfer function numerator N(p) are called zeros of the system

The influence of zeros to the system behavior is difficult to estimate, however the influ-
ence of poles to system behavior is easy to recognize, especially the stability. Therefore,
the denominator D(p) of the transfer function is characteristic function. It is very easy
to see that D(p) is calculated by

D(p) = det(pI — A) (3.55)

Note that the roots of the denominator, it means the poles of the system, are the
eigenvalues of the state matrix A.

We recall that G(p) = C(pI — A)~!B + D, such matrices are called a realization for
G(p). Any restricted realizationn to the controllable and observable part of system is
called minimal. It must be clear to the reader’s mind that a transfer function whose roots
of the denominator are strictly negative real part may suggest that the described system
is asymptotically stable, whereas it contains an unstable mode which is uncontrollable
and unobservable. Such a mode appears in the state space representation.

3.4.2 Stability analysis
Firstly, let us consider an autonomous system
x(t) = Ax(t) (3.56)
In this case, to recover the equilibrium points we have to solve the following equation :
Ax(t) =0, (3.57)

from this equation, we have one or some equilibrium points that depends on the rank
of the state matrix A. In the case of rank(A) = n < det(A) # 0 (it means that
A has not zero eigenvalue), only one equilibrium point x, = 0 exists. Other case,
rank(A) < n < det(A) = 0 (A has at least one zero eigenvalue), there exists infinite
equilibrium points.

The stability of (3.56) depends on the eigenvalues \; of the state matrix A. We give
some cases of the system behavior.

In the case of rank(A) = n, the system (3.56) has one equilibrium point, we have

e R(\;) <0, Vi the system is asymptotically stable
e 35 | R(\;) > 0 the system is unstable
o 3j | R(N;) =0 and R(\;) <0, ¥i

— A; = 0 we cannot conclude

— Aj1 = £jw the system is stable
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In the case of rank(A) < n, the system (3.56) has infinite equilibrium points, we
have at least one zero eigenvalue of the state matrix A, the asymptotical stability is
impossible. Note that any matrix A can be transformed into Jordan form with the
eigenvalues A\; of A. The Jordan block is given by

Y 0
A1
Jie(\) = (3.58)
o
L 0 Ai J
Therefore, the Jordan matrix is given in the form
Ji1(A\) 0 0
0 Jr2(A2) (3.50)
0 Jen(An)

For an eigenvalue J;, its algebraic multiplicity is the multiplicity of A; as a root of the
characteristic polynomial. Its geometric multiplicity is the maximal number of linearly
independent eigenvectors corresponding to it. The algebraic multiplicity is larger or
equal than the geometric multiplicity. We have

e 3j | R(A\;j) > 0 the system is unstable
o B IR(}) >0

— the Jordan blocks corresponding to each eigenvalue with zero real part are
scalar blocks (the geometric multiplicity of these eigenvalues equals its alge-
braic multiplicity), the system is stable

— there exists a Jordan block corresponding to eigenvalue with zero real part
which is not scalar (the geometric multiplicity of these eigenvalues is strictly
lower than its algebraic multiplicity), the system is unstable.

For example, we consider the matrix

5 1 2 10
0 0 -1 -1
A=l 1 1 0 o (3.60)

1 1 0 O

And the Jordan block and the Jordan matrix are given by

0 1 0 0

J2(0) 501 0 00 0 1

J = 8 Jl(_§8§ 57) J(—5—(|)—1 ) oo -2-LAr 0
2y 00 0 -3 4+ V17
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0

Due to A = =3 + 267 > 0 and J5(0) = [0 0

unstable. Note that

] is not a scalar, therefore A is

5 1 5 1
det(AI — A) = A2(\ + 5 VIO + 5 - 5\/ﬁ) (3.62)
the algebraic multiplicity of A = 0 is 2 while the geometric multiplicity is 1.
In conclusion, we have

e 3j | R(\;j) > 0 the system is unstable
o [ R(A;) >0

— R(A\i) <0, Vi the system is asymptotically stable

— the geometric multiplicity of zero eigenvalues equals its algebraic multiplicity,
the system is stable

— the geometric multiplicity of one zero eigenvalue is strictly lower than its
algebraic multiplicity, the system is unstable.

We recall that the poles of the transfer function correspond to the eigenvalues of the state
matrix A, therefore, the stability of the system is investigated based on the eigenvalues
of the state matrix A.

To conclude on the stability of a linear system, the Lyapunov theory can also be
used (see section 3.3.2.4). The system (3.56) is asymptotically stable if and only if,
there exists a Lyapunov function V(z) = x"Px > 0(+> P = P > 0) such that

V(x) <0,¥x#0
& x"(ATP+PA)x<0,VxcR" x#0
& ATP+PA<O
& 3IQ=Q"<0,P=P">0|ATP+PA=Q

(3.63)

Therefore, the system (3.56) is asymptotically stable if and only if there exists any
symmetric negative definite matrix Q, the unique solution of the equation

ATP+PA=Q (3.64)

is definite-positive matrix.

When the system (3.56) is the linearized tangent of a nonlinear system, the result
allows us to ensure that the nonlinear system is asymptotically stable in a neighborhood
around the function point (the equilibrium point of the linear system is the function point
of the nonlinear system). Indeed, without detailing these concepts, when the linearized
tangent has rank(A) = n, so the function point is hyperbolic equilibrium point. We
have a topological equivalence between the linearized tangent and the nonlinear system.
Therefore, the stability of linearized tangent is of the nonlinear system in the neigh-
borhood of the function point. The nonlinear system will be asymptotically stable in
neighborhood of the function point if its linearized system is asymptotically stable.
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Or all linear system asymptotically stable corresponds to a hyperbolic equilibrium
point that the nonlinear system is also asymptotically stable in neighborhood of the
function point.

Because we do not have an unique realization, we must consider the influence of
minimal realization on the stability. A minimal realization can be presented based on
the system matrices. For the system (3.51), A, B, C, D is minimal if and only if A,
B is controllable and A, C is observable. For a system, we have infinite realization but
only one transfer function. It means that we have another realization A’, B/, C’, D’ of
the system (3.51), we always have

Gp)=ChpI-—A)'B+D=C'(pI - A')"'B' + D’ (3.65)

even if the dimension of A and A’ is different. Therefore, the stability of A and A’
may be different. If the realization A, B, C, D is minimal, the stability of A is
equivalent to the stability of A’ if and only if the realization A’, B’, C’, D’ is minimal.
In conclusion, the asymptotically stability of a realization is equivalent to the BIBO
stability of associated system if and only if the realization is minimal.

3.5 Observers

Consider the dynamic system

{ x(t) = Ax(t) + Bu(t) + Muy (3.66)

y(t) = Cx(t)+ Du(t) + wy,

where wy and w, are the disturbance (process noise) and measurement noise inputs re-
spectively, which are usually assumed to be uncorrelated zero-mean Gaussian stochastic
processes with constant covariance matrices Wy and 'V, respectively. wy and w,, are
white noise processes with covariances

E{wa(tywy (1)} = Wad(t—7)
E{w,(tyw, (1)} = Wad(t—1) (3.67)
E{wa(tyw, (1)} = E{wa(t)wg (1)} =0,

where F is the expectation operator and §(t — 7) is a delta function.

In practice, recovering the state of a system is not a simple task since we only have
access to the input u(t) and the output of the system y(t). The problem is thus to
construct a dynamic system to be able to provide an estimate X(t) of the true state
x(t). The final goal is to act on the system from its estimate state. In the linear case,
an observer writes as follows:

X(t) = (AX(t) + Bu(t)) + K,(y(t) — C%(t) — Du(t)), (3.68)

where K, is the gain of filter. We recognize in the first term of the second member
of this equation, the term AX(t) + Bu(t) is used to prediction of the evolution of
the state vector of system from the current state vector X(t¢). Indeed, this prediction
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is actually an online simulation of the model of system. If the model is wrong, this
prediction is readjusted a function of the error between the measurement y(t) and the
predict measurement y(t) = CX(t) + Du(t) and of the gain of filter K,. The output
error signal y(t) — y(¢) is also called the innovation. The diagram corresponding to
the estimator (in the case D = 0) is represented in Figure 3.7. This structure ensures
that the estimator is unbiased whatever the system matrices A, B, C, D and the gain
K, such that A — K,C is stable (note that the presence of unstable and unobservable
modes does not allow to find the gain K, and construct the unbiased estimator).

u —
Plant -yl—ﬂ(?—-‘- !

EL 3N

A

Figure 3.7: Kalman filter diagram

Basically, two main approaches exist. We recall them in the next sections.

3.5.1 Luenberger observer

Either we simply minimize the estimation error, that is e(¢) = x(¢) — X(¢) such that the
observer is stable. In that case, we simply ensure:

lim €(t) =0 (3.69)

t—o00

The classic structure of observers is given

X(t) = AX(t)+Bu(t) + Ko(y(t) — 3(t))
{§® = Cx(t) + Du(?) (3.70)

The observer error satisfies the equation
é(t) = (A —K,C)e(t) (3.71)

The observer gain K, is chosen such that A — K,C is stable, it can made Hurwitz, so
the observer error €(t) — 0 when ¢ — oco. Note that we can choose the observer gain
K, when the pair A, C is observable.
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3.5.2 Kalman observer

As in the previous case, we also want to ensure that the observer is stable but also: we
desire that the observer is unbiased, it means that

e whatever the input signal u(7) applied to 7 € [tg, t],
e whatever the initial condition X(%()

we desire that the average error of estimator tends toward to 0 when t tends toward to
infinite.
The noises wg and w, are centered, we can write

Ele(t)] = E[x(t) — x(t)] = E[Ax(t) + Bu(t) + wq(t) — AX(t) — Bu(t)
—K,(Cx(t) + Du(t) + wy(t) — Cx(t) — Du(t))]
— E[AX(l) - AR(1)] + E[Muq(t)] — BK,(Cx(t) - CX(1))] — E[Kowa (1)
— (A - K,C)F[e(t)
(3.72)
Therefore, we have

Ele(t)] = eAKoO t=t0) (1) (3.73)

and limy_,o Ee(t)] = 0 when A — K,C is stable. The observer gain K, is calculated
by a function of confidence in the model (expressed by the spectral density W) with
regard to in the measurement (expressed by the spectral density W,,). If the model is
very good (Wy is very small) and the measurement is very noise (W, very large), the
observer gain K, is very small, among all gains K, satisfying that A —K,C is stable, we
shall choose the gain K, that minimizes the variance of the estimation error €(t), Vt. We
recall that €(t) is a centered Gaussian random vector. The Gaussian character of this
variable allows that the variance of estimation error is effectively minimized, therefore
X(t) is the best estimate of x(t).
We find K, that minimizes the cost function

J(t) =X Bl ()] = Ele’ (t)e(t)]
= traceEe(t)e" ()] (3.74)
= traceP(t)

where P(t) = E[(x(t) — %(t))(x(t) — X(¢)) "] is the covariance matrix of the estimation
error. We recall the dynamic equation of estimation error

é(t) = Ax(t) — AR(t) + Mug(t) — K,o(Cx(t) - CR(1)) — Kow, (1)

=(A-K,O)e(t) + [ M -K, ] { zdig }

The differential equation of the covariance matrix of the estimation error is given by

(3.75)

P(t) = (A - K,C)P(t) + P(t)(A - K,C) + MW ,M ' + K,W, K/ (3.76)



42 Closed-loop control

In order to minimize traceP(t), it is simple to minimize traceP(t)

d(traceP(t)) T T
— = =-P@t)C' —P@t)C' +2K,W,
K, ®) ®C" + (3.77)
= Ko(t) =P(t)CTW, !
Substituting (3.77) into (3.76), we obtain the Riccati differential equation
P(t) = AP(t) + P)AT —P(t)C'W,'CP(t) + MW ,M ' (3.78)

In order to obtain a solution of the Riccati differential equation, we must consider the
initial condition

P(to) = E[(x(to) — X(t0))(x(to) — X(t0)) ] (3.79)

The Kalman filter is usually used in the LQG control described in the next section to
determine the estimate of the state vector.

3.6 Closed-loop control

In control theory, the most accepted approach used to the synthesis of multivariable
control law is an approach known as "state feedback control". The idea of this approach
is to act on the controlled system based on its measured state. It is different to the open
loop control, we use the sensor to give the feedback information of controlled variable
in the closed-loop control. In this section, we focus on various important aspects of this
approach. To do it, we first focus on linear systems then non-linear systems

3.6.1 Linear systems

The goal of design of control law is to determine the gain of control law which stabilizes

the system. The stabilization can place the eigenvalue and the eigenvector of system or

generally reconstruct the structure of system with our aims. In control theory, we use

the proportional integral derivative control, the optimal control, the robust control, etc.
Let us consider the dynamic system

x(t) = Ax(t) + Bu(t)
{ y(t) = Cx(t)+ Du(t), (3:80)
and the control law is proposed as
u(t) = Hy,ef(t) + Kx(t), (3.81)

which leads to the output reference y,(t).
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3.6.1.1 Pole assignment

This technique is presented based on the result in | |. The problem
description of pole assignment can be given such as: we have the real matrices (A, B), of
orders (nxn,nxm), respectively, and a set of n complex numbers , £ = {A\1, A2, ..., A\p},

closed under complex conjugation, our problem is to find a real matrix K such that the
eigenvalues of A — BK are A;.

We consider the first condition to determine K. Indeed, we find the real matrix
K for every set £ of self-conjugate complex numbers if and only if the pair (A,B) is
controllable.

In the pole assignment design, we have mn components of K (m degrees of freedom
(DOF)), n components of K must be used to place the eigenvalues. Therefore, we still
have n(m — 1) components of K to reconstruct the eigenstructure. It is properly to
exploit and identify these DOF.

To determine the real matrix K, we consider the characteristic polynomial of closed
loop system described by

n

P@p) =T —N) =" + Bue1p™ ' + ...+ Bip + Bo, (3.82)
=1

and therefore, the real matrix K is given by solving the equation
det(pI — A+ BK) = P(p) = p" + Bo—1p" ' + ...+ Bip + Bo. (3.83)

For more detail, the numerical solution of this equation is detailed in |

3.6.1.2 Eigenstructure assignment

For the system (3.80), we recall that the problem of eigenstructure assignment consist
to determine the gain control K in (3.81) such that A, = A — BK coincides with a set
of desired specified value.

In the case of the system is single input, it means that the matrix K contains
n components and we want to place n poles. Therefore, we do not have anymore
components of K and the solution of K is unique. However, in the case of the system
is multiple inputs, the matrix K contains mn components and therefore, we still have
n(m — 1) additional components of K. Indeed, these additional DOF can be used to
reconstruct the eigenstructure.

3.6.1.3 Optimal control

LQR control The approaches in section 3.5.1 and section 3.5.2 allow us to stabilize
the closed loop system with the presence of disturbance. These approaches are very
interesting when we want to specially eliminate the influence of disturbance.

While the optimal control technique consists to a differential problem, this technique
is to find a control law which minimizes a certain criterion J reflecting a desired behavior.
For example, in order to determine the control law which moves the closed loop system
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from state A to state B in minimum time or minimizes the energy actuators. We first
restrict to the case of LQ (also called LQR for linear quadratic regulator) in order to
introduce LQG control. Indeed, we shall see section (4.3.2.4), LQG control is extremely
popular in flow control.

The general problem of optimal control is given as follows: determine the control law
u(t) which makes the minimal criterion J tacking account the initial and final conditions
and the constraint defined by the state equation.

In the case of LQ control, a linear system is considered, the criterion J is quadratic
and aims to minimize the error between the current state and the desired state while
minimizing the energy actuators. This problem is thus formalized: the quadratic cost
function is defined as

J@%=Am@WOQMﬂ+UWﬂRMOL (3.84)

where the matrices Q and R are positive definite and positive-semidefinite, respec-
tively. Note that we shall see section (6.4), the term x'(t)Qx(t) is defines as the
kinetic energy of perturbation in flow control while the term u' (¢)Rx(t) is the en-
ergy actuators. The control law is given by u(t) = K4, x(t) where K4 is given by

(I )
K, = -R'B'X,, (3.85)
and X, is found by solving the continuous time Riccati differential equation
ATX, +X,A-X,BR'B'X, +Q=0. (3.86)

In order to find the gain control, the pair (A, B) must be stabilizable. By using the
decomposition Q = NN, and BR™!BT = M, M, , when the pair (A, M,) is con-
trollable and the pair (A, N, ) is observable, the positive definite solution of the Riccati
differential equation always exists and is always unique. Moreover, A — BR™'BTX,
always has negative eigenvalues.

One of the advantages of LQ control is to ensure a good robustness toward the
error of the gains on the inputs channels. However, it is not possible to imposer a
priori dynamic of closed loop system corresponding to the optimality of the quadratic
criterion.

LQG control Like the LQR problem itself, the LQG problem is one of the most
fundamental problems in control theory. In practice, the state vector is not most often
known so that the LQR control cannot be used. In that case, an observer has to be
used. Therefore, the control law is given by u(t) = Kj4,-X(t) where X(t) is the estimate
of x(t) from using the Kalman filter. We recall the system (3.66)

{ x(t) = Ax(t) + Bu(t) + Muwyg (3.87)

y(t) = Cx(t)+ Du(t) + w,
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Indeed, the LQG control is designed based on two steps. First step is determine
an optimal control u(t) = Kj,x(t), LQR problem (see the above results to deter-
mine Kj;,). And the second step is to find an optimal estimate X(t) of the state
x(t), Kalman filter problem, so that E{[x(t) — X(¢)] [x(t) — X(¢)]} is minimized (see
section 3.5.2). The diagram of the LQG control shown in Figure 3.8 (taken from
| | in the case D = 0).

lwd l?b‘n

L 4
!
3

+y+ 7 I

—K, |« z
LQ Regulator

Figure 3.8: LQG controller and noise plant.

In practice, the control law u(t) = K4, x(t) is changed by u(t) = K;4,X(t) where
X(t) is an estimate of the state vector x(¢). We recall the dynamic system of estimator
or observer given by

X(t) = AX(t) + Bu(t) + Ko(y(t) — CX(t) — Du(t)). (3.88)

If (A, C) is detectable, the optimal choice of K,,, which minimizes E{[x(t)—%(¢)] " [x(t)—
X(t)]}, is given by

K, =PC'W_! (3.89)

When the linear system is considered and often convergence of the state covariance

matrix P, we have P(t) = 0, the solution of (3.78), the unique positive-semidefinite
solution of the algebraic Riccati differential equation P = PT >0 is

PAT + AP —-PC'W,!CP + MW,M' = 0. (3.90)
The closed loop system is given by
x(t) = Ax(t) + Bu(t) + Muwyg
X(t) = AX(t) +Bu(t) + Ko(y(t) — Cx(t) — Du(t))
t; = Klqrﬁ(t)

(
u
y(t) = Cx(t) +Du(t) + wy.

(3.91)
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Therefore, the LQG control is the combination of the optimal state estimation and the
optimal state feedback control

[ (t) ] _ [ A + BKy, — K,C — K,DKy, | K } [ X(t) ] L (392)

u(t) Kigr | y(t)

3.6.2 Nonlinear systems

Some methods can be used for the nonlinear system, but we choose the Lyapunov
synthesis to illustrate the concept of the design of nonlinear system.

3.6.2.1 Direct Lyapunov analysis

This method is simple to determine the control law which guarantees the stability of
the closed loop system. The following example illustrates this method.
Let us to consider the system

X(t) = x*(t) +u(t) (3.93)

The problem is to regulate the state vector x(t) around the reference x.(t). By using
the change of variable z(t) = x(t) — x.(t), we have the dynamic error

z(t) = x2(t) + 2x.(t)z(t) + 2°(t) + u(t) (3.94)
1
The Lyapunov function is V' = 522(t)z(t), we have

V =z(t)z(t) = z(t)(x2(t) + 2x.(t)z + 2°(t) + u(t)) (3.95)
A control law which guarantees the stability of the closed loop system is
u(t) = —x%(t) — 2x.(t)z(t) — z%(t) — cz(t) (3.96)
where ¢ > 0. Therefore, the dynamic error is final given by
z(t) = —cz(t) (3.97)
which is linear and exponential stable.
In the next section, we present the integrator Backstepping.
3.6.2.2 Integrator Backstepping

Integrator Backstepping was develop by Petar V. Kokotovic | |, this
method becomes popular method in the control theory. Consider the system

(1) = f(x(1) + A(x(0)E()
LE Zuo (9%
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We suppose that it exists a control law £(t) = ¢(x(¢)) (#(0) = 0) that can asymptotically
stabilize the system. This implies that the system

x(t) = f(x(t)) + h(x(1))p(x(1)) (3.99)

is asymptotically stable. Furthermore, we can suppose that we know a Lyapunov func-
tion V(x(t)) that satisfies the inequality

ZZ[J‘(X(t)) + h(x(t)p(x(t))] < =W (x(t)) (3.100)

where W (x(t)) is positive definite. By adding and subtracting the term h(x(t))p(x(t)),
we obtain

{ x(t)
§(t)

(3.101)
By using the change of variables, z(t) = £(t) — ¢(x(t)), which generates the following
system

{ x(t) = f(x(t) + h(x)&(t) = [f(x(t)) + h(x(t))d(x(t))] + h(x(t))z(t) (3.102)
z(t) =nu(t) - o(x(1)) '
Since f, h and ¢ are known, the derivative can be written as

o(x(t)) = g*i[f(X(t)) + h(x(1))p(x(t)) + h(x(t))z(t)] (3.103)

f EX)(t)) + h(x)E(t) = [f(x(1)) + h(x(t))(x(¢))] + h(x(t))[£(t) — ¢(x(?))]
u(t

Let’s us to use v(t) = u(t) — ¢(x(t)) which reduces our system to
{ >Z<((g - ;f/%(t)) +h(E(E) = [F(x(8) + AxE)xO)] + hx(E)2(t) 5 104

This modular property of backstopping will be exploited to stabilize the overall system
with the control law v(t). This is done by considering the Lyapunov function

1, 1

Valx(t),€(0) = Vx(t) + 572(1) = V(x(0) + 5(60) — 6(x()*  (3.105)
The derivate of V. is
Ve(x(t),£(1) = ?)V[f(X(t)) + h(x(t)o(x(1))] + gvh(X(t))Z(t) + z(t)v(t)
X oV X (3.106)
< —W(x() + 5 h(x(t))a(t) + 2()v(2)
We can choose oy
v(t) = —8—Xh(x(t)) —cz(t) (3.107)

where ¢ > 0. This implies that

Ve(x(1),€(t)) < =W (x(1)) — cz*(1) (3.108)
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which implies the closed loop system is asymptotically stable. Finally, the control law
u(t) is given by

09 ov

u(t) = — o [f(x(t)) + h(x()E(t)] — 5 -h(x(t)) - cl€(t) — ¢(x(t))] (3.109)

We can conclude that the closed loop system is asymptotically stable.

Lemma 3.6.1 Backstepping lemma
Consider the system

x(t) = fx(1) +h(x(t)ER) (3.110)
Et) = ult) (3.111)

Let ¢(x(t)) be a stabilizing stable feedback law for the system (3.110) where ¢(0) = 0.
Let V(x(t)) be a Lyapunov functions such that

ov

T |/ (x(0) + h(x(8))e(x(1)] < ~W(x(1)) (3.112)
for some positive definite W (x(t)). Then the feedback law
¢ ov

u(t) = — o [f(x(t)) + h(x()E(t)] — 5 -h(x(t)) - cl€(t) — ¢(x(t))] (3.113)

for ¢ > 0 stabilize the origin with the Lyapunov function

V(x(t) = 5 [€(t) — o(x(t))]” (3.114)

In order to illustrate this method, we consider a simple example. Consider the
following system

x(t) = X2 (1)) +x*(t)) + €(t) (3.115)
£t) = u(t) (3.116)

Firstly, consider the system
x(t) = x%(t)) + x3(t)) + &(t) (3.117)

with the control law £(¢). The Lyapunov function V(x(t)) can be chosen

V(x() = 33°(1) = V(x(t)) = x()x(1) = x(O(0) + (1) +£(0)]  (3118)
Therefore, the control law is chosen by

(1) = (x(1)) = —x(1) —x2(1) — 26() (3119)
The Lyapunov function V(x(t)) satisfies

V(x(t)) = —x2(1) — x}(1) < —x*(1) (3.120)
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which implies that x(t) = 0 is asymptotically stable. Now we use the backstopping
change of variables,

z(t) = £(t) — d(x(t)) = £(t) + x(t) + x2(t) + 2x3(t) (3.121)

to transform our system to

x(t) = —x(t) —x3(t) + =z(t) (3.122)
z2(t) = u(t) — (1 +2x(t) + 6x%(t))(—x(t) — x>(t) + z(t)) (3.123)

and let 1 ] 1
Ve(x(t),£(1)) = V(x(t) + 522@) = §X2(t) + 522@) (3.124)

Therefore, the derivate of V.(x(t),£(t)) is

Ve = x(t)(=x(t) —x*(t) +2(1))

+z(t)[u(t) — (14 2x(t) + 6x2(t)) (—x(t) — x3(t) + z(t))]
= —x2(t) — x t) + z(t)[u(t) + x(t) — (1 + 2x(t) + 6x3(t))(—x(t) — x3(t) + z(1))]
(3.125)
and choose
u(t) = —x(t) — (1 +2x(¢t) + 6x2(t))(—x(t) — x3(t) +z(t)) — z(t) (3.126)
This implies that .
Ve(x(t),€(1)) = —x*(t) — x*(t) — 2°(t) (3.127)
guarantees the closed loop system to be asymptotically stable.
The actual control is given
u(t) = —x(t) — (14 2x(t) + 6x2(t))(—x(t) — x3(t) + £(t) + x(t) + x2(t) + 2x3(t))

—€(t) - x(t) —x2(t) - 2x°(1)
= —x(t) — (L4 2x(t) + 6x2()) (€(1) + x2(1) +x3(1)) — €(1) — x(t) - x2(t) — 2x°(1)
(3.128)

3.7 Conclusion

Since the fluid flow is infinite dimension and nonlinear model. The results in the control
theory allow us to ensure that the controller based on the linearization and model
reduction can be applied to the fluid flow. In the next chapters, we shall apply the
control theory to the flow control.



50

Conclusion



Chapter 4

State of the art

In this chapter, a review of previous works is presented where the active flow control is
particularly emphasized. The case study considered in this thesis is the plane Poiseuille
flow. This will be introduced in Section 4.3 and discussed in more detail in the next
chapter. Section 4.4 will present the objectives of our works.

4.1 Classification of flow control

The flow control is classified by energy expenditure and control loop system, as shown
in Figure 4.1 (taken from | |-

Flow control

strategies

( Passive ) ( Active )

( Reactive ) (Predetermined)

( Feedback ) (Feedforward)

Figure 4.1: Classification of flow control strategies.

The passive control, see the reviews in | I, ],
[ |, is affected without requiring an energy expenditure and no
control loop. The devices of passive control are usually such as vortex generators, riblets,
and steady suction or blowing. The passive techniques usually include a geometric
shaping to manipulate a pressure gradient, a use of fixed mechanical vortex generators
for separation control, a placement of riblets on a surface to reduce the drag. An
example of the passive control, the wing of aircraft is designed to decrease the drag and
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enhance the lift | |. For more examples, the design of riblets for the drag
reduction is found in | |, [ |. Indeed,
the majority of the passive control is the shape optimization.

In contrast to the passive control, the active control requires an energy expenditure.
The recent reviews of the active flow control were described in | ],
[ I, | I, | I, |. The active
flow control contains both predetermined and reactive controls. The energy expenditure
may be a power of the actuator which provides a force to act the flow.

The passive flow control is simple, less expensive to design and manufacture, and
easier to maintain than the active flow control. Thus, the passive flow control is usually
used in real-world applications, especially in aircraft. However, the passive flow control
is only applied to simple flows and is limited since the most engineering flows contain
complex unsteady motions (instabilities, turbulence). This reason makes the active flow
control more attention than the passive flow control in the currently.

The detail of the active control will be presented in the next section.

4.2 Active flow control

The active flow control triad contains the phenomena, the actuators-sensors and the
control method. These problems are shown in Figure 4.2 (taken from | ). As
a result, the flow phenomena is listed along with the actuators, the sensors and the
methods of control.

4.2.1 Sensors

The sensors are an equipment which provides a feedback information to help us to con-
trol the flow. In the fluid flow, the measured variables are usually pressure and velocity.
The sensors are a conventional sensor or a Micro-Electro-Mechanical-System(MEMS)
sensor or an optical sensor. For the conventional and MEMS sensors, the measured
variable is the wall pressure and/or skin friction such as floating element sensors, hot
films and shear stress crystals while the optical sensors measure all field of velocity
such as Charge-Coupled Device (CCD) camera. The optical sensors are very useful in
the image processing where the velocity is directly obtained from the CCD camera.
The recent reviews of hot film sensors are found in | | and the sensor
techniques are presented in | |

4.2.2 Actuators

The actuators are an equipment to controlling the flow. There are many types of actu-
ators which are listed in Figure 4.2, e.g. piezoelectric, synthetic jets, electromagnetic
and MEMS actuators, specifically MEMS actuators. The recent reviews of actuators
for the flow control were in | |, which clearly illustrate
the advantages and inconveniences of each actuator. Two actuators: synthetic jet and
MEMS are emphasized for instance in the following.
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Flow Phenomena

Boundary Layers Vortex Flows Jets, Wakes, Mixing Layers
Separation Control Forebody Vortex Control Mixing Enhancement
Drag Reduction Blade-Vortex Interaction Jet Vectoring
Noise Suppression Wing-Tip Vortex Dynamics  Noise Suppression

Virtual Surface Shaping Vortex Generation/Alleviation Wake Modification

Flow Phenomenon

AFC Triad
Actuators Controls & Sensors

Actuators Controls

Fluidic Neural Networks

Thermal Adaptive Control

Acoustic Physical Model-Based

Piezoelectric Dynamical Systems-Based

Synthetic Jets Optimal Control Theory

Electromagnetic Sensors

Shape Memory Alloys Conventional

MEMS Optical

MEMS

Figure 4.2: Active flow control (AFC) triad.

Piezoelectric Diaphragm
Ceramic

Figure 4.3: Synthetic jet actuator and flow patterns: (a) schematic and (b) schlieren
flow visualization.

The synthetic jet actuator was developed at Georgia Institute of Technology. A
schematic of this actuator was described in [Smith and Glezer, 1998], as shown in Fig-
ure 4.3 (Courtesy B. L. Smith and A. Glezer, Georgia Tech Research Institute, taken
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Actuator electronics

Control logic

Microflap actuator

Shear-stress sensor

Sensor electronics

Figure 4.4: A MEMS tile integrating sensors, actuators and control logic for distributed
flow control application, developed by Prof. Chih-Ming Ho (UCLA) and Yu-Chong Tai
(Caltech).

from [Glezer and Amitay, 2002]). This actuator is applied to thrust-vectoring, mix-
ing enhancement, separation control and virtual surface shaping, for more details of
its applications, see previous works in [Amitay ot al.. 1997], [Smith and Glezer, 1998],
[Amitay et al., 1999], [Amitay et al.; 2001]. The recent reviews of synthetic jet actuator
and its applications were given in [Glezer and Amitay, 2002].

The MEMS actuators are largely used in the active flow control, [Ho and Tai, 1996],
[Ho and Tai, 1998]. A concept of MEMS arrays of sensors and actuators is shown
in Figure 4.4 (taken from [Bewley, 2001]). Note that MEMS sensors measure the
shear stress and MEMS actuators are blowing/suction actuators. For more technol-
ogy of MEMS, the recent MEMS handbook was presented in |Gad-el Hak, 2010a],
[Gad-el Hak, 2010D)].

Both the sensors and the actuators have been presented, we next discuss about the
methods of reactive flow control.

4.2.3 Methods of reactive flow control

In [Moin and Bewley, 1994], the reactive feedback control strategies were categorized
by four categories: adaptive, physical model-based, dynamical systems-based, optimal
control, as shown in Figure 4.5.

First strategy is adaptive flow control technique which concerns models and con-
trollers without regarding to the detail of the flow physics. Note that a model for
the adaptive control is identified independently of the Navier-Stokes equations. The
adaptive schemes are based on the feedback control theory such as linear and nonlinear
control theories, neural networks control. An example, the nonlinear adaptive control
technique has been successfully applied to control the transition process in turbulent
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Reactive
flow control

Adaptive Physical Dynamical Optimal
control model-based systems-based control

Figure 4.5: Methods of reactive flow control.

boundary layers | | while the neural networks technique was used in tur-
bulence control for the drag reduction.

Second strategy is physical model-based, this technique is used when the domi-
nant physics are well understood. An example of this strategy is to reduce the drag
by mitigating the effect of near wall vortices in | ],
[ |. Although this strategy can be applied to the flow, it is limited to
simple flows.

Third strategy is dynamical systems-based which supposes that the flow is controlled
based on a reduced model. The nonlinear dynamical system theory allows turbulence to
be decomposed into a reduced model where the control theory is applied. An example of
this strategy is Proper Orthogonal Decomposition (POD) method which gives a model
reduction based on the analysis of turbulent flows, in | ]. A Balanced
Model Reduction is usually used in POD method, as shown in |
[ |

Finally, the optimal control theory is used to apply directly the Navier-Stokes equa-
tions to minimize a cost function. The controller is designed based on the Navier-Stokes
equations such as sub-optimal control | | or linear feedback control:
PID control | |, LQR. control | |. This strategy is the
ideal of controller in this thesis.

In the next section, we consider some types of flow in the closed loop control.

4.2.4 Types of flow

Some types of flow are often studied in the flow control such as: the cavity flow, flow
around a cylinder and plane channel flow.

The flow over a cavity, as shown in Figure 4.6, mainly produces acoustic waves
which contain many problematic sources in aircraft. The recent reviews of the cavity
flow were given in | I, | |. An example
of the active closed loop control of the cavity flow has been studied and developed
at the Ohio State University. A shallow cavity flow is as shown in Figure 4.7 (taken
from | ). The shallow cavity flow was studied at low Mach num-
ber. In previous works such as | I, | I, | ],
[ |, the linear feedback controls such as Hy,, PID, and Smith pre-
dictor based on controllers were designed and tested. POD technique and synthetic
jet actuators were used to obtain a model reduction and control the flow, respectively.
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Flow

— | B
Acoustic

—

Figure 4.6: Cavity flow is an acoustic sources.

FLOW H Actuatoroutput

COMPRESSION
DRIVER

Figure 4.7: Scaled drawing of the experimental set up showing the test section with the
cavity and the actuator.

More studies about the cavity flow are found [Caraballo et al., 2008], [Kim et al.. 2008],
[Kim et al., 2009].

The ﬂow around a cylinder is classical active flow control. The configuration of
flow around a cylinder is shown in Figure 4.8 for both laminar and turbulent flows. In

F’OW Past a Cylinder @

2. Separated - Steady 5. Turbulent - Separated

[T

Figure 4.8: Flow around a cylinder and the phenomenas.
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| |, a suboptimal feedback control was studied and applied to the
flow behind a circular cylinder. The sensors and actuators are located on the cylin-
der, as shown in Figure 4.9 (taken from | ). The control signal is
blowing /suction and the feedback control is developed based on minimizing the cost
functions to reduce the drag and vortex shedding. The recent reviews of this flow
were described in | | for the problem of 3D forcing, the active feedback
control, the control based on local and global instability, and the control with syn-
thetic jet actuators. More examples of this flow are found in | ],

[ |

Actuation ¢ -

Actuation ¢

Figure 4.9: Schematic of the sensing and actuation for vortex shedding.

The plane Poiseuille flow, as shown in Figure 4.10 (taken from | D,
is easier to consider in the context of classical control theory than the others. Joshi was

44— L=41 —mmP

’ L
x —27 0 2n
Actuator Sensor

Figure 4.10: Plane Poiseuille flow.

the first person who designed a linear feedback control based on the linear model for the
full nonlinear process. A simple PID control was used to stabilize the plane Poiseuille
flow. Since the success of Joshi’s work | |, a LQG control was devel-
oped for the 2D plane Poiseuille flow in | I, | |, it contains a
LQR regulator and a LQE estimator. In order to reduce the order of the controller,
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in | I I |, a

LQR control was applied to a reduced model. The control of the 3D plane Poiseuille flow
was extensively studied and developed in | ], [ |.
When the 3D plane Poiseuille flow was considered, the transient energy growth was
focused. Therefore, in | |, Ho/Hy controls were used to stabi-
lize the 3D plane Poiseuille flow and minimize the kinetic energy density. The re-
cent reviews of linear feedback control for the plane Poiseuille flow were introduced in
[ |. On the other hand, a feedback control based on the analysis
of Lyapunov function stabilized the 2D plane Poiseuillel flow in | |,
[ I I |

The subject of this thesis in the next section is studying the problem of the plane
Poiseuille flow.

4.3 Plane Poiseuille low

The plane Poiseuille flow is chosen as academic case study in this thesis due to the fact
that it is traight torward to obtain a model to be used for controller design. A list
of control approaches includes: opposition control, adjoint-based suboptimal control,
neural networks control, linear control and also nonlinear control. In particular, we can
model the plane Poiseuille flow to a state space representation, whose control approach
is easy to be designed. Furthermore, it contains fundamental difficulties encountered in
all flow control applications such as the problem of distributed sensor and actuators. In
addition, many important unsolved issues of flow control can be studied, for instance,
drag reduction and kinetic energy minimization. Finally, in our opinion, this flow is a
good example of the application of the visual servoing control in the context of flow
control.

4.3.1 Problem description

The governing equations of the plane Poiseuille flow are the Navier-Stokes Equations.
In order to study the behavior of this flow, we use numerical methods to convert PDE
of small perturbation to a set of ODE. The linearized Navier-Stokes equations are
converted to a state-space representation

x(t) = L Ax(t), (4.1)

where the vector x(t) involves the velocity. And the operator L~ A is given by

L 0
—1A OS
LA = [ e Lsq ] : (4.2)

where the operators Los, Lsq; Lc are Orr-Sommerfeld, Squire, and coupling operators,
respectively or we simply call Orr-Sommerfeld operators. Note that these operators are
defined later.
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From previous works in the scientific literature, we can classify the active control of
plane Poiseuille flow into several important problems which are: stabilization, kinetic
energy density minimization and drag reduction. We illustrate these problems through
a simple example in order to explain these concepts more clearly. Considering the
following systems

aa) = | n oy |30 (43)
xa(t) = _0(.)51 —00.11]"2(” (44)
) = | ot 0y a0, (45)

The behavior of uncontrolled plane Poiseuille flow is equivalent to the systems x; (¢) and
Xo(t). The kinetic energy density of three systems can be denoted e1(t) = x| (t)x1(t),
e2(t) = x5 (t)x2(t) and e3(t) = x4 (t)x3(t), respectively. As a result, the behavior of
the three systems are shown in Figure 4.11 with the initial condition x19 = x99 =
x30 = (1,1). In this example, the system x;(¢) has an unstable eigenvalue (positive
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Figure 4.11: Behavior of the kinetic energy density versus time.

eigenvalue), therefore the kinetic energy density is infinite and insignificant. Hence,
the system x;(f) must be stabilized. For the system x3(t), although all eigenvalues
are stable (negative eigenvalue) but the eigenvectors are nonorthogonal, therefore the
kinetic energy density increases and obtains the maximum value before decreasing and
tending toward to zero, this problem is called a non-normality problem. Note that
the plane Poiseuille flow becomes turbulent when the kinetic energy density increases,
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for this reason, the maximum kinetic energy density must be reduced. In brief, this
example illustrates the behavior of the plane Poiseuille flow because the form of the
Orr-Sommerfeld operators is similar to the systems x;(t) and x2(¢). In contrast to
the systems x;(t) and x2(t), the system x3(t) contains all stable eigenvalues and its
eigenvectors are orthogonal. The kinetic energy density has an exponential decrease.
For this reason, the main aim of this thesis is to obtain the closed loop system of the
plane Poiseuille flow as the system x3(t).

On the other hand, the problems of the plane Poiseuille flow can be distinguished
based on the Reynolds number (see section 2.3). More precisely, the plane Poiseuille flow
contains the unstable modes at the high Reynolds number R > Ry = 5772, which means
we have a problem of stabilization. In addition, this flow has the non-normality at the
Reynolds number Rg = 49.6 < R < Rj, we have a problem of kinetic energy density
minimization. Note that when the flow is laminar, the drag reduction is significant,
therefore the drag reduction is investigated at the low Reynolds number R < Ry = 1000.
Previous works on the control of the plane Poiseuille flow will be presented in the
following.

4.3.2 Previous works
4.3.2.1 Stabilization

A linear model of the plane Poiseuille flow was first proposed by Joshi | |. He
used the Galerkin method to form a linear model system from the linearized 2D plane
Poiseuille flow. The linear model contains unstable modes | I, | |,
| | (R > Ry = 5772) which lead the flow to turbulence. Therefore, a
simple controller as a PID control was used to stabilize the unstable modes | I,
| |. Another way to stabilize the unstable modes was to use a LQR
control in | I, | | where the shear stress energy was chosen as
the cost function of the LQR criteria. The LQR control is a state feedback control
which needs an estimation of the state vector. Therefore, a LQG control was used in
[ I, | | to provide the estimation of the state vector from the
measurement of the shear stress. In the Joshi’s work, he demonstrated that the
linear feedback control based on the linear model could be applied to the
full nonlinear plane Poiseuille flow. Hence, these results are the fundamental
result for the channel flow control based on a linear model.

Although the controller was designed based on the linear model, the order of con-
troller was still large because numerical method needs a large dimension. In order
to reduce the order of controller, the dimension of linear model was reduced to a
reduced order model by using a Jordan Canonical Form. This technique was stud-
ied in | Il I [ |
and the LQR control like in | | was applied to the reduced order model.
Hence, Cortelezzi and co-workers have given a very good drag reduction in their non-
linear simulation. Once again, these results demonstrated that the linear control based
on the linearized plane Poiseuille flow could give a good result for the nonlinear plane
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Poiseuille flow.

Since the 2D plane Poiseuille flow does not fully represent turbulence, the 3D plane
Poiseuille flow was extensively developed in | I, | ].
Although the linear model contains all stable modes, the flow may become turbulent
due to the appearance of the transient energy growth (Rp = 49.6 < R < Ry = 5772),
see the experiments in | | and | .
This problem is called the non-normality problem of the flow. So that, the transient
energy growth of the flow must be minimized.

4.3.2.2 Kinetic energy density minimization

The operators or matrices are said to be normal if their condition numbers equal one
[ I, [ |, they have a set of orthogonal eigenfunctions or orthog-
onal eigenvectors which can be diagonalized by an unitary similarity transformation
| |. In numerical methods, the non-normality of operators
or matrices may be investigated based on methods such as matrix exponential, resolvent
(or e—pseudospectra), numerical abscissa, transfer function norm in component form,
and the impulse response (see recent reviews in | D-

In the fluid flow, the non-normality problem occurs due to the non-normality of
the Orr-Sommerfeld operators. In fact, linear terms of Navier Stokes equations main-
tain turbulence | I, | |, and | | while nonlinear
terms only redistribute the energy | |. Therefore, Orr-
Sommerfeld operators are sufficient enough for investigating the transient
energy growth.

Previous works in the scientific literature showed that the plane Poiseuille flow
becomes turbulent even though their linear model contains all stable modes. More
precisely, the eigenfunctions are nonorthogonal, the transient energy growth occurs
[ L LI | and
| I, | I, | |. When the transient
energy growth is large enough, the flow becomes turbulent. Note that the small per-
turbations to the smooth flow may be amplified by a factors on the order of 10° by a
linear mechanism even though all the states of the linear model monotonically decay
[ )

The eigenvalues and eigenfunctions of an operator are still defined as a matrix
[ |. Indeed, the eigenvalue problems for the matrices often
come out through the discretizations of linear operators | |. Therefore, the
nonorthogonal eigenfunctions become the nonorthogonal eigenvectors | ],
[ |. In the plane Poiseuille flow, the non-normality prob-
lem of Orr-Sommerfeld operators becomes the nonorthogonality of the eigenvectors in
[ |. With the purpose of limitation of the transient energy growth,
Bewley used optimal (Hs) and robust (Hs) controls to achieve a closed loop system
whose nonorthogonality of eigenvectors are reduced. The Hs and Ho, controls modify
all of the eigenvectors, and thus these controls reduce the nonortohognality but the
eigenvectors of the closed loop system are still nonorthogonal. Of course, the transient
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energy growth is only reduced. In the same way, a PID control was used but provided
less performance than the Hy and H,, controls.
The cause of the nonorthogonality of eigenvectors is due to the nearly identical

pairs of eigenvalues | |. Indeed, this cause comes from the cou-
pling term of Orr-Sommerfelds operators | |. Motivated by these
results, a LQR control was designed to minimize this coupling term | |. An

interesting result is that the LQR control could reduce the coupling term but could
not completely eliminate it, in contrast to the virtual flow, where the coupling term
was artificially removed and a better result obtained from the nonlinear simulations
| I, | |. In addition, the similar LQR control was also de-

veloped in | I, | I, | |,
| | to reduce the nonorthogonality.

On the other hand, a LMI approach | | was also
applied to the plane Poiseuille flow | |, [ | in or-

der to find the minimum value of the transient energy growth. Although this approach
could reduce the energy bound to the minimum value in their model but it is the
same thing as with above control approaches (Hy, Hy, and LQR). This control ap-
proach was just verified in the lineari and nonlinear models of the plane Poiseuille flow
| |, | |. And again, a linear control is a good
choice for the nonlinear plane Poiseuille flow.

Using the nonlinear theory, | I, | I, | |,
the standard Lyapunov-based approach was applied to the 2D plane Poiseuille flow. The
energy of perturbation could decay exponentially in time, therefore we have no problem
of non-normality any more but this control approach depends on the low Reynolds num-
ber (in this case R < 1/4, note that R < Rp = 49.6, the flow is always monotonically
stable). Although the author gave the good simulation results at R = 7500, however
this problem must be extended to the 3D plane Poiseuille flow and the control law does
not depend on the Reynolds number since the Reynolds number may be an uncertain
number.

The plane Poiseuille flow is different to general nonlinear systems, the
flow still becomes turbulent even if its linearization contains all negative
eigenvalue. Therefore, we must minimize the kinetic energy density (e(t))
which captures the stability of the flow. Our core aim of this thesis is trying
to guarantee £(¢) < 0 in the closed loop system of the plane Poiseuille flow.

4.3.2.3 Drag reduction

General reviews of the drag reduction were recently reported in | |. When the
Reynolds number is low, we do not have the problem of transient energy growth, the
drag reduction becomes important.

The controllers for drag reduction are opposition control, neural networks control,
adjoint-based suboptimal control and linear control which are based on a linear model
as PID and LQR controls, see | ].

In | I |, the drag reduction was obtained by
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using opposition control, an interesting result with 25% —30% drag reduction. However,
this technique used blowing/ suction at the wall y* = 10, therefore this technique is
not available in practice.

A neural networks control | I, | was applied to a tur-
bulent channel flow at low Reynolds number, 20% drag reduction.

An adjoint-based suboptimal control approach has been proposed in previous works
[ |, a drag reduction, approximately 17%, have been obtained. How-
ever, this way of process leads to a very high computation cost, not compatible with in
a real time control scheme. Moreover, it is not possible to implement this approach in
practice.

A PID control was used to suppress the wall shear stress (WSS) leading conse-
quently to a drag reduction. While in | I, [ ],
| |, a LQR control was used in which the cost function to
minimize includes the drag reduction, the reported result of drag reduction to 50%
below the laminar level.

A Lorentz force actuator was used to reduce skin friction drag, 40% drag reduction
at the low Reynolds number R = 100. This actuator was also applied to high Reynolds
number R = 200 and R = 400.

In drag reduction, some control approaches are opposition control, neural networks
control, adjoint-based suboptimal control and linear control but only the linear control
is significant in practice due to the limitation of the other approaches | |. The
linear control approaches in previous works are PID, LQR and LMI controls, however,
these control approaches do not minimize directly the skin-friction drag, therefore we
need a control approach which can minimize directly the skin-friction drag.

4.3.2.4 Measurement of flow

How can we determine the state flow. In | |, the measurement of
‘WSS and pressure are sufficient to determine the state of turbulent flow while the WSS
alone is sufficient to determine the state of linearized flow. In | ],
[ |, an estimation of the state flow was designed based on the
Kalman filter, the linearized Navier-Stokes equations were used.

We use the active control, more precisely a feedback control. To do it, we must
determine the state vector estimation (when a state feedback control is used, e.g. a
LQR control in | |)) or the output estimation (when output feedback
control is used, a proportional control | |) from the output informa-
tion. From the information of WSS, the LQG control is used to construct the state
vector estimation, see previous works in | I, | ],
[ Il | and | I

In the fluid flow, WSS is often measured by using sensors such as MEMS sensors
in | | and | |. This technique is limited due to the limited
surface of the sensing element, thus limiting the applicability of these devices in physic
relevant geometries.

Another way can be used to estimate the state vector, the velocity map is directly
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measured by using Charge Coupled Device (CCD) camera in [Heitz et al., 2010]. We
use a CCD camera to estimate the state vector, of course a great advantage with
respect to a sensor at the walls, see [Tatsambon Fomena and Collewet, 2011b]. The

optical sensor was used, the state vector can be directly calculated from the velocity.
Concerning the visual servoing control, the optical flow technique is used to estimate
the state vector from the visual measurement that is shown in Figure 4.12.

Laser source

Test vein /laser sheet

active control

X

blowing

plane of the flow

suction

Image plane

Figure 4.12: Fronto-parallel visualization of a 2D flow using laser sheet which role is to
enlighten the particles seeded in the fluid.

A laser sheet is used to enlighten the particles for which the velocities are computed,
see Figure 4.12. As a result, from this visualization process, it is possible to compute
the dense flow which can be defined as the apparent velocity vector field representing
the motion of photometric pattern (pixels brightness) in successive image sequences in
[Heitz et al., 2010] in three steps ([Tatsambon Fomena and Collewet, 2011b]):

e Perspective projection of a flow particle
e Estimation of the flow velocity particle from its image

e Estimation of the state vector

4.3.2.5 Validation of linear feedback control on nonlinear simulation

In order to answer to the question: can a feedback control based on the linear model
be applied to the full nonlinear flow. In previous works, the feedback controller based
on the linear model was tested on the full low. DNS toolbox was used to simulate
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the result for the full nonlinear flow. A first DNS was developed in | |

and the recent reviews of DNS tool is found in | |. Some feed-
back controllers based on the linear model were applied to DNS toolbox such as the
PID control in | I, | |, the LQR control in | ],

[ I, | I, | | and the LMI control in
[ |. Indeed, a linear feedback controller based on linear model can
be applied to the full nonlinear flow. This is why a linear feedback control is chosen to
obtain the stability of the flow.

4.4 Objectives

In this thesis, we denote the kinetic energy density £(t) and the skin-friction drag d(t).
Our objectives concern both the kinetic energy density and the skin-friction drag to be
minimized.

In previous works, PID, Hy/H.,, LQR, and LMI controls make the set eigen-
vectors more orthogonal through minimizing the shear stress or the kinetic energy
density but these control approaches cannot directly eliminate the nonorthogonality.
Hence, the limitation of these control approaches are due to the number of the de-
gree of freedom (DOF) (the independent control signals). The number of DOF is one
for the linear model in | |, two for the linear model in | ],
| |, | |, | |. Therefore, the non-
normality still exists with these control schemes, more precisely, the transient energy
growth still occurs and the flow becomes turbulent. Thus, some control schemes al-
ways achieve an exponential decrease of kinetic energy density must be proposed. It
means that the non-normality or the problem of nonorthogonality of eigenfunctions of
the Orr-Sommerfeld operators is completely solved.

We recall previous important works. A controller was designed to ensure £(t) < 0
in | I, [ I, | | but these control approaches
depend on the Reynolds number and are only applied when R < 1/4. To our knowledge,
the previous controllers have never been able to ensure £(t) < 0 and d(t) < 0 for all the
Reynolds number.

Our main aim of this thesis is to design a controller which is capable
to ensure £(t) < 0 or/and d(t) < 0 in the closed loop system of the plane
Poiseuille flow and our approach can be applied for all the Reynolds number.
In the context of the visual servoing control, the kinetic energy density and
the skin-friction drag achieve:

) = —Ae(t)
{ d(t) = —Ad(b), (4.6)

it means that the kinetic energy density and skin friction drag monotonically decrease in
time. Based on the above points of view, the objectives of this thesis are contributions
as follows
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e The first objective is to demonstrate the benefits of the partitioned visual servoing
control to the plane Poiseuille flow for drag reduction. The partitioned visual ser-
voing control exploits two DOF' to simultaneously minimize the skin friction drag
and the kinetic energy density. The skin-friction drag monotonically decreases
in time but the behavior of the kinetic energy density does not monotonically
decrease in time.

e The next objective is to obtain multiple inputs multiple outputs (MIMO) model
of the plane Poiseuille flow. The number of DOF increase and is very large than
the exist models in the scientific literature. The behavior of the kinetic energy
density in the closed system is improved since increasing the number of DOF.

e A further objective is to design a feedback control which leads the state vector
to monotonically decrease in time. Certainly, the kinetic energy density, the skin
friction drag and the velocity component also monotonically decrease in time. The
visual servoing control is used when the number of DOF is equal to the number
of the state vector. The non-normality of the plane Poiseuille flow is solved, and
the result allows us to ensure that the flow always remains laminar state.

e Another objective is to design a controller based on a reduced model when the
dimension of the linearized plane Poiseuille flow is large. Indeed, we use the
model reduction to design a controller which leads the kinetic energy density to
almost monotonically decrease. We demonstrate that the kinetic energy density
will almost monotonically decrease in time even using two DOF.

e The final objective is to show the robustness of the controller to measurement
noise. Since the optical flow is used to estimate the state vector, our control
approach is robust to measurement noise.

4.5 Achievements

The following paper have been written to disseminate the results of the research de-
scribed in this thesis:

Daol3a : X-Q. Dao, C. Collewet. Minimisation de I’énergie cinétique transitoire dans
I’écoulement 3D plan de Poiseuille commandé. In 21éme Congrés frangais de
Mécanique, Bordeau, France, August 2013.

Daol2a : X-Q. Dao, C. Collewet. Drag Reduction of the Plane Poiseuille Flow by
Partitioned Visual Servo Control. In American Control Conference, Pages
4084-4089, Montréal, Canada, June 2012.

Daol2b : X-Q. Dao, C. Collewet. Simultaneous Drag Reduction and Kinetic Energy
Density of the Plane Poiseuille Flow. In 6th ATAA Flow Control Conference,
Pages 2807-2817, New Orleans, Louisiana, USA, June 2012.
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Daol2c : X-Q. Dao, C. Collewet. Réduction de la trainée de I’écoulement de Poiseuille
2D par asservissement visuel partitionné. In 7éme Conférence Internationale
Francophone d’Automatique, Pages 449-454, Grenoble, France, July 2012.

Daolla : X-Q. Dao, C. Collewet. La commande basée vision : une nouvelle approche
pour la commande en boucle fermée des écoulements fluides. In GdR: Controéle
des décollements, 2011.
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Chapter 5

Modeling of Plane Poiseuille Flow

In this chapter, a linear model is proposed for the plane Poiseuille flow. We first present a
steady solution of the Navier Stokes equations, then the "wall-normal velocity vorticity"
desired formulation is chosen to use in this thesis. We are interested in the control
principle which is based on the distributed actuation. The plane Poiseuille flow is
solved by using the spectral method based on the Fourier series and the Chebyshev
polynomials leading to the linear model, a state-space representation. We describe
a linear model of the plane Poiseuille flow based on previous works in | ],

[ Il | and | J

5.1 Formulation of plane Poiseuille flow

5.1.1 Navier Stokes equations for incompressible, viscous flow

The Navier-Stokes equations for an incompressible fluid flow are

V.V =0
5.1
N L VYWV —-vP+ %AV. (5.1)

ot
where P and V are pressure and velocity, respectively. The gradient operator is given
by V (8 0 6) d the Laplaci tor is given by A 62—1-82—1-62 Th
= (=, =, =) and the Laplacian operator is given =——4+——+—— The
Y Ox’ Oy’ 0z P P & Y 0x?  0Oy? 022

Reynolds number is denoted R. The Navier-Stokes equations are rewritten in Cartesian
coordinates where the velocity is denoted by V = (U, V, W), the equations (5.1) are
rewritten by

Jor 0Oy 0z N
8£+U8£+Va£+w8£ _767P+l(02U+62U+62U
ot Ox Oy dz  Or R 0z? 827;2 072 (5.2)
87V+U87V+V87V+W87V —_87P+l(82v+av+a2v) .
ot Ox oy dz Oy Ox? 8%2 022
\ Ot Ox oy 0z 0z R 0x2 oy? 0227

69
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5.1.2 Steady solution of Navier-Stokes equations

The steady solution is given by

ou oV oW OP

(575’W’E):(0’0’070)7 (53)
therefore, substituting (5.3) into (5.2), we get
(oL ow
or 0Oy 0z N ) ) )
oUu ou ou oP 1 ,0°U 0 U o°U
Yor TV, " War T e TRlep T o o) 65
oV . V(lv wv __op 1 (821/ o*V a2v) '
Ox Oy 92 9y R a2 % 8z2
Ua—W+Va—U+Wa—W = 8P+1(82W+8W+62 )
\ ~ Oz Ay 0z 0z R 0x? oy 0227

Now, a steady solution of Navier-Stokes equations is solved for the plane Poiseuille

Y=+1

Y=-

Figure 5.1: Steady solution of the plane Poiseuille flow and its profile.

flow where its profile is as shown in Figure 5.1. The domain of this flow is given by
Q={(z,y,2) € [0,L;) x [-1,41] x [0, L,)} and the boundary conditions are assumed
as (U,V,WW) = (0,0,0) at the walls y = +1.

It is assumed that the velocity is independent on the streamwise and spanwise di-
rections, the steady solution is (U,V,W = U(y),V(y), W(y)). The steady solution of
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Navier-Stokes equations in (5.4) becomes

=0

__op 1 9*U

T 9r  ROy?

_op 19 9
dy R 821/2

_ P 19w
0z R oy?~

ov
From — = 0, it is easy to see that V(y) = constant, since V(y = £1) = 0 leads to

0

Y
V(y) = 0. Finding (U, W, P) is the next step, therefore, (5.5) becomes

or _ 10
dr R Oy?

oP

5 =0 (5.6)
ob 1o

0z R oy?’

this equation leads to P = P(z,z). It is assumed that the order of U(y) and W(y) is

maximal two, (5.6) becomes

8£
ox
8£
0z

1 0%U
261:—7
R 0y?
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R Oy?’

(5.7)
= Cy

=

where ¢; and ¢y are constant. Therefore, (5.7) becomes

P pu—
U =

W o=

C1T + 2 + C3

ClR 2
TQ + cqy + ¢
CQR 2
Y + cey + cr,

(5.8)

where c3, ¢4, c5, cg, c7 are constant. Note that c3 may be arbitrarily chosen, so c3 = 0.
The other coefficients are given based on the boundary conditions at the walls.

For the plane Poiseuille flow, the boundary conditions at the walls (y = +1) are
given by (U(y = +1) =0, W(y = £1) = 0), we get

01R

7+C4+C5:O, 7—04—1—05—0
R R (5'9)
—+c+cr =0, — —cg+cy =0,
2 2
so that 5 9
Ci=cg=0, ¢ = -2 cy=—"T (5.10)
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We assume that U(y = 0) = 1,W(y = 0) = 0, we have ¢c5 = 1,¢7 = 0, therefore we

obtain ¢; = R co = 0. The steady solution of Navier-Stokes equations in the plane
2
Poiseuille flow is (U, V, W, P, = 1 —4%,0,0, _Ei)

5.1.3 Linearized Navier-Stokes equations
The linearized Navier-Stoke equations of small perturbation will be given. By using the

change of variables (V,P) = (u+ U,v + V,w + W, p + P.) where (U, V, W, P.) are the
steady solution and (u,v,w,p) are the perturbation. The equations (5.1) become

O(u+U) +3(U+V) +8(w+W)

ourv) O owr0) Tt 9
u+U u+U u+U U
__8(p+Pe)+l(82(u+U) O*(u+1U) 82(u+U))
o _) Ox 8(R )6w2 o Oy? ) 022 o( )
v+ V v+ V v+ V v+ V
_ dp+P) +l(82(v+V) N P +V) N ?w+V)
owewy Yot m™ ooy % s
w+ W w+ W u+U w+ W
_ O+ P) +l(82(w+W) N O*(w+ W) N 82(w—|—W))
N 0z R Ox? oy? 022 '
(5.11)
By using (5.3) and (5.4), the perturbation equations become
( o, ov o _
r Oy Oz
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The linearized equations are now obtained by omitting the second order terms in the
perturbation equations

( ou Ov OJw

T =0
or Oy Oz ) ) )
ou oUu ou 8U ou 8U ou op 1 0°u 0°u 0O°u
AT § I VA ST AARTR e I Il A I
ot "ar TV Ty Ty TV T s 8x+R(8x2+8%/2+8z2)
v Vg0 VOOV 0 8p+1((92 a2)
ot T TVar Ty Ty T T e T oy RG22 T % t o2
ow W gou W oe W e O LS e O,
. Ot Ox ox Oy Oy 0z 0z 0z R 022 0y? 022
(5.13)
The linearized equations (note that (U, V,W) = U(y),0,0) are given by
L —
or Oy 0z N
ot " Cor  Ydy T ox ' R 012 8;42 922 (5.14)
I U@ — _@ + = 1 (62 + — + 872,0) .
675 Ox 9y R0x2  0y? 022
ow U87w B 8p L1 1 (82 n 0%w n 82w)
L ot Ox T 0z R'Ox2 | 9y 9227

These equations are the linearized equations of the plane Poiseuille flow. These results
will be used in the next section to convert PDE to ODE.

5.1.4 Wall-normal velocity vorticity formulation

We can rewrite (5.14) by the velocity pressure formulation

gg+gz+§j - 0 (5.15)
g;L‘FUgZ—FCClZZU = —gi-i-;{AU (5.16)
?;JFUZZ = —g§+]1%Av (5.17)

The no-slip condition for viscous fluid is imposed at a solid surface as a boundary
condition, the fluid flow has a zero velocity relative to the boundary

v(z, £1, 2,t) =0
Ov(w,+1,2,t) 0 (5.19)
Oy e
Taking the derivative of (5.16-5.18) and using (5.15) yields an equation for the pressure
dU 0
Ap =227 (5.20)

dy Oz



74 Formulation of plane Poiseuille flow

Next, (5.20) is used with (5.17) to eliminate the pressure p, the wall-normal velocity is

given by

0(Av) o(Av) d*Uov 1 .,

U — — — =A*v=0. 5.21
ot + Ox dy? 0r R v (5.21)

To describe the complete three-dimensional flow field, we need to use a second equation

with the most conveniently wall-normal vorticity

ou Ow
= — — — 5.22
where 7 satisfies
on on 1 dU ov
— — —=An=———. 5.23
ot + U@x R dy 0z (5:23)
The wall-normal velocity vorticity formulation is
0(Av) o(Av) d*Udv 1 4
_ - = = .24
o "Var " apar wAYV O (5:24)
on on 1 dU v
T —Ap = 5.25
ot + or R dy 0z (5:25)

These equations are also called the Orr-Sommerfeld and Squire equations. Note that
(5.24) can be solved independently on (5.25). Therefore, (5.24) is first solved, plug-
ging then v(z,y, z,t) into (5.25), we can solve for n(z,y, z,t). The no-slip boundary
conditions concern the wall-normal velocity and the vorticity, they are given as

v(z,y==+1,2,t) =0

n(x,y=+1,2,t) =0

ov(w,y =+£1,2,t) 0 (5.26)
oy -

An homogeneous Dirichlet boundary condition is imposed on the vorticity n(z,y =

+1,2,t) = 0 while for the wall-normal velocity simultaneous homogeneous Dirichlet

. ov(z,y = £1, 2, t)
and Neumann boundary conditions, v(z,y = +1,2,t) = 0 and 3 =
Yy
0 are respectively. The wall normal velocity vorticity formulation was used in pre-
vious works | I, | I, 1 J,
[ | | | and
| I, [ | for both 2D and 3D cases of
the plane Poiseuille flow, for the plane Couette flow in | |
and | |

Note that we have another formulation: vorticity stream function. However, this for-
mulation is only used in the 2D case in | 1,1 |.

5.1.5 Control principle
5.1.5.1 Boundary control

PDE are controlled by modifying the boundary conditions. The plane Poiseuille flow
can be controlled via boundary control at the walls. Hence, the boundary control
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consists in modifying the upper (y = +1) and lower (y = —1) boundary conditions

[ I J

Using the wall-normal velocity vorticity formulation, in the controlled flow, an
inhomogeneous Dirichlet boundary condition is on the wall-normal velocity and the

vorticity. Based on the previous results in | |, [ | and
[ |, the boundary conditions on v(x, y, z,t) and n(z, y, z, t) are given
by
v(z,y =+1,2,t) =quulz,2,t), viz,y=—1,2,1t) = gz, 2,1)
77('75’ y=+1,z, t) = Qn,u(xv 2y t)> 77(90’ y=-1z, t) = le(x? 2, t) (5_27)
ov(z,y = £1,t)
oy N

where gy (2, 2,1), qui(, 2,t), @yu(x, 2,t) and g, ,(x, 2,t) are the control signals.
The control law is a feedback control in Fourier space. The control principle is given
in Figure 5.2 by some steps

Act on the flow

Plane Poiseuille flow

Optical flow

Velocity in Boundary conditions
physical space in physical space
Fast Fourier Transform Inverse Fast Fourier Transform

Boundary conditions =

Velocity in Fouri : )
SHIE I SR S function of control signals

State vector = function
of velocity excepted the
boundary conditions

Control signals = function of state vector

Figure 5.2: Boundary control schema.: .

e First step, the velocity is calculated in physical space by using the optical flow

e Second step, the velocity is obtained in Fourier space by using Fast Fourier Trans-
form

e Third step, the state vector is a function of the velocity in Fourier space excepted
the boundary conditions
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e Fourth step, the control signals are a function of the state vector

e Fifth step, the boundary conditions in Fourier space are function of the control
signals

e Sixth step, the boundary conditions in Fourier space are transformed to the bound-
ary conditions in physical space

e Final step, the control signals in physical space are acted on the flow

At the moment, we have introduced the control principle but we need to present
the actuators used to physically modify the flow state. This problem is presented in the
next section.

5.1.5.2 Actuators

In this study, we shall use MEMS as in | |, | | and
| | which have demonstrated that spatially distributed actuation pos-
sible. One way to implement MEMS based control schemes, we use online Fast
Fourier Transform (FFT) and its inverse along the streamwise and spanwise direc-
tions as previous works in | |, | |, | ],
[ |, [ |. It means that the Navier Stokes equations in
physical space are transformed to a linear model in Fourier space by using FFT. We
design a controller based on the linear model in Fourier space. And the control signals
in Fourier space are then transformed into physical space by using Inverse Fast Fourier
Transform (IFFT). An algorithm of implementation of controller into DNS code is
presented in Appendix A.

Camera
AID [
Converter
—>
v —
-
Microcontroller | ———
——
—
j I’r/!\ctuator
D/A
Converter

Figure 5.3: Controller architecture using camera
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We extend the controller architecture presented in | | and
| | which also provided the basic architecture for the implementation of
the controller in practical engineering applications. We use a CCD camera to estimate
the state vector instead of using the sensors at the walls. More importantly, the camera
is used to estimate the state vector, we do not need to use the LQE control because
the state vector is estimated by the motion measurement technique. Analog to digital
converters (A /D), digital signal processors (DSP), analog signal processing (ASP) and
digital to analog converter (D/A) are necessary hardware to convert from the analog
signal to the digital signal and inverse.

Figure 5.3 provides the architecture for the implementation of the present controller
in engineering applications. The camera provides the velocity maps which is computed
from the optical flow techniques. From the velocity map, the estimation of the state
vector is given. Finally, the necessary hardware is provided. A simple procedure is

e Use the camera to compute the velocity map which gives the estimation value of
the state vector. The state vector estimation is converted from the analog signal
to the digital signal by the A /D and DSP.

e Compute the control law in a microprocessor

e From control signal, the ASP and D/A produce the actuating signal on blow-
ing/suction actuators.

In the next section, we motivate the use of a linear model of controlled flow.

5.2 Linear model

In order to convert from the system of PDE to the system of ODE, several methods
of spatial discretization can be used, e.g. spectral, finite difference, finite element, and
finite volume methods. We use the spectral collocation discretization method similar
to that used by McKernan | | where the weight residual from evaluating
PDE using an approximate solution is set to zero.

5.2.1 Homogeneous formulation
5.2.1.1 Streamwise and spanwise discretizations

The solution in the streamwise and spanwise directions is assumed to be periodic and
approximated by the terms from a truncated Fourier series. The streamwise direction
is periodic in [0, L, ], we have

a" =0 t " =1L t
U(.Z‘ y Y5 2 ) — U(CB 1Yy %5 )7n:1’2’3,.” (528)
ox™ ox™
The complex solutions of the wall-normal velocity and the vorticity are denoted v,
and 7., respectively, therefore the real solutions v and n are given by

{v(x,y,z,t) = R(ve(z,y, 2,1))
U(ﬂfaya%t) :m(n0<x7yvz7t))‘

(5.29)
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Thus the complex solutions of the wall-normal velocity and the vorticity are approxi-
mated by

NSt Nsp (n tT nspz)
2wy (—S=4
ve(x,y, 2, 1) E g 0(y,t, nst, nsp)e L.
Nst=— OTLgp—O
Lon (5.30)

nC(xvyaz)t) - Z Z ﬁ(y,t,nstjnsp)GQWj(nftw—"_ ngz )7

nst=0nsp=0

where ng and ng, are the streamwise harmonic number and spanwise harmonic number,
respectively. L, and L, are a fundamental wavelenghts in the streamwise and spanwise
directions. N and N, are finite and represent the truncation of the series.

The linearized equations can be decoupled by wavenumber pairs and thus it is pos-
sible to treat each wavenumber pairs separately, therefore the single wavenumber pair
system is considered. The velocity and vorticity are approximated at each wavenumber
pair by

vel@,y, 7 1) = Dy, )e P (5.31)
770('7; Y,z t) = ﬁ(y, t)ej (ozx-l—ﬁz)’
where o = 2””“ and 3 = 2msp . 9(y,t) and 7(y, t) are the wall-normal velocity and the
vorticity perturbatlon Fourler coefﬁClents which are calculated by
11 [k [l
o(y,t) = LL/ / (,y, 2, t)e OB g oy
1 Ly " pL: (5.32)
lyt) =7 L / ne(w,y, 2z, 1) 7 dzd.

Substituting the assumed solution of velocity and vorticity (5.31) into (5.24-5.25), the
wall-normal velocity and vorticity perturbation Fourier coefficients in o(y, t) and 7(y, t),
are respectively

d*U k4 2k% 020 1 0% i 0% ov
(KU~ 5 = TNk (Ut o) - o =T
2dy2 ija jRa’ 0y?  jRa Oyt a Oyt ot
. k.. 10°n . dU _ on
U+ —=)n— === — =——=
(5.33)
where k? = a® 4+ $2. The no-slip boundary conditions are
(x,y = £1, 2,t) =0
n(z,y==+1,2,t) =0
00(x,y = £1, 2, t) (5.34)
=0.
y

By the same way, the assumed solution of streamwise and spanwise velocities are
given

{u(z,y,z,t) = R(ue(x,y, 2,1)) = Ry, t)el > +72) (5.35)

Yy
w(z,y,z,t) = Rwe(z,y, z,t) = R(w(y, t)ed @7+52)),
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Substituting the assumed solution of streamwise and spanwise velocities (5.35) into the

continuity equation
ou Ov Ow

—+—+——=0 5.36
Ox + oy * 0z ’ (5.36)
yields
'oal—i-@—i- iBw =0 (5.37)
0 0
and into the vorticity n = gu —w, yields
0z Ox
N = jfu — jow. (5.38)

Therefore, the streamwise and spanwise velocity components are calculated from

i =L~ i)
e (5.39)
= ﬁwa*y + arf).

5.2.1.2 Wall-normal discretization

Discretization in the wall-normal direction is based on the Chebyshev polynomial series
at Gauss-Lobatto collocation points y; = cos(kn/N),0 < k < N. Using the Chebyshev
polynomial series to discretize in the wall-normal direction, the wall-normal velocity
0(y,t) and the vorticity 7(y, t) are given by

N
ﬁ(yat) = Z avﬂ’b(t)rn(yk); 0< k < N
P (5.40)

N
A(y,t) =D agntln(y),0 <k <N,
n=0

The Chebyshev polynomials I'(y) are definite as I',,(y) = cos(n arcos(y)), where —1 <
y < +1.
5.2.1.3 State-space representation

When the wall-normal discretization is used, the solution of (5.33) can be written (as
in | |, p-488)

o U K 2% & ,
(kU — 2 ) E avn(O)Tn(y) + (U + —-) E avn () ()
dy*  jRa jRa
=0 =0 (5.41)
N N N
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. 2 1 p
(jaU + E) Z an,n(t)rn(y) - E Z an,n(t)rn(y)
oy =0 N Y (5.42)
‘1175@ Z av,n(t)rn(y) = - Z dn,n(t)rn(y)~
i=0 i=0

After the evaluation of (5.41) and (5.42) at each of the collocation points yg, we obtain
a system as following

Lx(t) = Ax(t), (5.43)
where the state vector x(t) = [ apo(t) -+ aun(t) ano(t) -+ apn(t) }T. The
state matrices are given as

L1 Ly A Ax ]
L= , A= 5.44
[ Lo1 Lo ] [ Asr Ay (5.44)
where

Li; = j(—k*DOI) + D2(T)), Lz = [0], Ly = [0], Loy = jDO(T)

A = (T8 —aT — “Npom) + (07 + 25 par) — L par)
1 = iR ) iR iR (5.45)
_ — k1 1
A =[0], A9 = SU DO(T'"), Agy = (U + —)DO(T") — —D2(T").
12 [L 21 6 ( )’ 22 (Oé +]R) ( ) ]R ( )
or we can simplify to
L11 0 A11 0
L= , A= 5.46
[ 0 Lo ] [ Ay Ay ] (5.46)
The element of derivative matrices is calculated from
DO(T),,, = Tn(yr) D2(T), =Tn(yr) DAT),, =T, (k) (5.47)

"

where n=0...N and k= 0... N. And the diagonal base flow matrices U, U/, U are
diag(1 — yi), diag(—2yx) and diag(—2), respectively. The dimension of the matrices L
and A, the state vector x(t) are (N+1) x (N+1), (N+1)x (N+1)and (N +1) x 1,
respectively.

If L1 exists, (5.43) could be given in the canonical form

%(t) = LT Ax(t), (5.48)
where the Orr-Sommerfeld, Squire, and coupling matrices are give as follows

Los =Lj/An
Lc =L3'Ay (5.49)
Lsq = Lyy Ags.
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5.2.2 Inhomogeneous formulation with boundary control
5.2.2.1 Boundary control

Boundary control consists in modifying the upper and lower boundary conditions. We
know that in the uncontrolled flow, the homogeneous Dirichlet and Neumann b