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Abstract: Linearizing control is a popular approach to control bioprocesses, which has received considerable attention
is the past several years. This control approach is however quite sensitive to modeling uncertainties, thus
requiring some on-line parametric adaptation so as to ensure performance. In this study, this usual adaptive
strategy is compared in terms of implementation and performance to a robust strategy, where the controller
has a fixed parametrization which is determined using a LMI framework so as to ensure robust stability and
performance. Fed-batch cultures of yeast and bacteria are considered as application examples.
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The culture of host recombinant micro-organisms is
nowadays a very important way of producing bio-
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pharmaceuticals. Fed-batch operation is popular in g
industrial practice, since it is advantageous from an

operational and control point of view. The off-line P = constant

determ'nat'on Of the feed'ng prOfIle |S Usua”y Sub' Respirative regime Respiro-fermentative regime

optimal as some security margin has to be provided Figure 1: Illustration of Sonnleitner's bottleneck assump-
in order to avoid an excess of substrate leading to tion for cells limited respiratory capacity.
the accumulation of inhibitory by-products (inhibition
of the cell respiratory capacity), namely ethanol for oach it does not guarantee stability in the presence
yeast cultures and acetate for bacteria cultures. of unmodeled dynamics.

~ To optimize the culture conditions and to avoid In this study, another approach is also considered,
high concentrations of inhibitory by-products, a \yhich is based on nonlinear robust control and the
closed-loop solution is required, and a wide diversity ,cad of Linear Matrix Inequalities (LMIs) to design
of ap.proaches, €.9., (Pomerleau, 1990; Chen ?t al.the free linear dynamics so as to ensure robust stabil-
1995; Rocha, 2003; Renard and Wouwer, 2008; De- i and performance. A comparison of the adaptive
wasme et al., 2009a; Dewasme et al., 2009b) havegng robust control approaches is provided in terms
been considered. of implementation, and simulation tests shows the re-

In particular, linearizing control (Bastin and spective advantages and limitations of both strategies.
Dochain, 1990) is a very popular approach, which has

been applied successfully in a number of case studies.
However, linearizing control requires the knowledge

of an accurate model, and on-line parametric adap-
tation is usually implemented so as to ensure perfor-
mance. Whereas parametric adaptation is a simple ap-
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2 MECHANISTIC MODEL This kinetic model is based on Sonnleitner’s bot-
tleneck assumption (Sonnleitner and Kappeli, 1986)
In this study, we consider a generic model that would, which was developed for a yeast straBaccha-
in principle, allow the representation of the culture of romyces cerevisiaf~igure 1). During a culture, the
different strains presenting an overflow metabolism cells are likely to change their metabolism because of
(yeasts, bacteria, animal cells, etc). This model de- their limited respiratory capacity. When the substrate
scribes therefore the cell catabolism through the fol- isin excess (concentrati®@r> St ), the cells produce
lowing three main reactions: a metabolite produd®? through fermentation, and the
culture is said in respiro-fermentative (RF) regime.
On the other hand, when the substrate becomes lim-
ks1S+ ko1 O X kx1 X +ke1 C (1a) iting (concentratiors < Sit), the available substrate

Overflow reaction (typically fermentation) : (typically glucose), and possibly the metabokgas
a substitute carbon source), if present in the culture

Substrate oxidation :

k2S+ ko2 O 2 kx2 X + kpa P+ k2 C (1b) med!um, are 0>§idized. The culture is then said in res-
Metabolite product oxidation : pirative (R) regime. ;
o Component-wise mass balances give the follow-
kpaP+ ko3 O 2 kxa X + keaC (1c)  ing differential equations :
where X, S, P, O and C are, respectively, the concen- dXx
tration in the culture medium of biomass, substrate gt — (kxara + kxarz + kxars)X — DX (6a)
(typically glucose or glycerol), product (i.e. ethanol ds
or methanol in yeast cultures, acetate in bacteria cul- ¢ = —(ksir + ksof2) X +-DSp — DS (6b)
tures or lactate in animal cells cultures), dissolved p
oxygen and carbon dioxidég; (i=1,2,3) are the yield TR (kpor2 — kparz)X — DP (6¢c)
coefficients ands, r, andrs are the nonlinear specific 4o
growth rates given by: S —(ko1r1+Kogrz2 + kosrz)X — DO+ OTR
o= mm(rkz,lrscrit) @) 2 (6d)
B max(o’ rs— rscrit) E — (kClrl + kCZrZ + kC3r3)X -DC-CTR (68)
r2 = R — ©)) ry
_ — =Fin (6)
max(O,min (rp,w» dt
3 = - (4)
kes whereS;, is the substrate concentration in the feed,

where the kinetic terms associated with the substrateF;, is the inlet feed ratey is the culture medium vol-

consumptionrs, the critical substrate consumption ume and is the dilution rate = F,/V). OT Rand

rs,; (generally dependent on the cells oxidative or CT Rrepresent respectively the oxygen transfer rate

respiratory capacityp) and the product oxidative rate  from the gas phase to the liquid phase and the carbon

rp are given by: transfer rate from the liquid phase to the gas phase.
Classical models dDT RandCT Rare given by:

r's=Hsg TKs (5a)
o = fo_Po_O Kip (5b) OTR= k a(Osa— O) (7a)
"™ kos kosO+KoKip+P CTR=k_a(P — Psa) (7b)
P
rp = HPP+ Ko (5¢)

wherek a is the volumetric transfer coefficient and,
Osat and Psg; are respectively the dissolved oxygen
and carbon dioxide concentrations at saturation.

These expressions take the classical form of
Monod laws whergis, ppo andpp are the maximal val-
ues of specific growth ratekKg, Ko andKp are the sat-
uration constants of the corresponding element, and
Kip is the inhibition constantky,s andkya represent
the coefficients characterizing respectively the yield 3 A SUBOPTIMAL STRATEGY
between the oxygen and substrate consumptions, and
the yield between the acetate and oxygen consump-The maximum of productivity is obtained at the
tions. edge between the respirative and respiro-fermentative
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Bioreactor

regimes, where the quantity of by-product is constant - +
and equal to zero/{P = 0). Unfortunately, evaluating
accurately the volume is a difficult task as it depends
on the inlet and outlet flows includirfg, but also the
added base quantity fqyH control and several gas
flow rates. Moreover, maintaining the quantity of by-
product constant in a fed-batch process means that the
by-product concentration has to decrease while the
volume increases. So, even if the volume is correctly
measuredy P becomes unmeasurable oriteeaches
the sensitivity level of the by-product probe. For those is to derive a nonlinear controller, which allows a lin-
practical limitations, a sub-optimal strategy is elabo- €arization of the process behavior ((Chen et al., 1995;
rated through the control of the by-product concentra- Pomerleau, 1990)).
tion around a low valu®* depending on the sensitiv- As the theoretical value @& is very small (be-
ity of commercially available probes (for instance, a low 0.1 g/I) and assuming a quasi-steady statesof
general order for ethanol probe is1g/1), and requir- (i.e. considering that there is no accumulation of glu-
ing only an estimation of the volume by integration of cose when operating the bioreactor in the neighbor-
the feed rate. hood of the optimal operating conditions), the small
The basic principle of the controller is thus to reg- duantity of substrate/S is almost instantaneously

ulate the by-product at a constant low setpoint, lead- consumed by the cell&@ ~ 0 andS~ 0) and (6b)
ing to a self-optimizing control in the sense of (Sko- becomes:
gestad, 2004) and ensuring that the culture operates in
the respiro-fermentative regime, close to thepbiologi— KsoraX = —kaara X + Snu (10)
cal optimum, i.e., close to the edge with the respira- wherer; andr, are nonlinear functions & P andO
tive regime. as given by (2-3).

ReplacingroX by (10) in the mass balance equa-

tion for P (6¢), we obtain:

Controller

Figure 2: Linearizing control scheme.

4 LINEARIZING CONTROL . kpok:

P= P25l X KearsX —u <P @sn> (11)

STRATEGY ke ke
A first-order linear reference model is imposed:
The component-wise mass balances of reaction .
scheme (1) lead to the following state-space represen- d(P*—P) = -A(P*—P),A>0 (12)
tation dt ’
X = Kr(x)X + Ax— ux-+ B(u) (8) and a constant setpoint is considered so that:

wherex=[ X S P O C V] isthe state vec- aP . o
tor, r(x) =[ r1 rz r3 | is the vector of reaction dt =AP=P),2>0 (13)
rates, andl = D = Fin/V is the control input (the di- Equating (13) and (11), the following control law

lution rate). The matriceK andA, and the vector 5 gptained:
functionB(-) are given by:

)\(P* — P) + (szkSl rhi+ kp3r3)X

kx1  kxz ks 0 Fin=V ‘2 (14)
*ksl fksz 0 Shu %Sn -P

K= 0 kpz  —kps B(u)= 0 kpok: L .
—ko1 —ko2 —koz | kraOsat |’ whereﬁrl andkpgrs, the kinetic expressions, con-
"(C)l k%Z "%3 kLaopsat tain several uncertain parameters.

9) 4.1 A Classical Adaptive Strategy

O3x3 O3x2 O3x1

A= 82X2 *k('ia 122 OZOXZ ’ In (Chen et al., 1995), the parameter uncertainties
1x3 1x2 are handled using an on-line estimation of the kinetic
A feedback linearizing controller is illustrated in ~ term %rl + kears in the linearizing control law
Figure 2. In a first step, this controller is derived as- (14). In this study, the biomass concentratdris
suming a perfect process knowledge. The basic ideasupposed to be measured using a probe (for instance
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a optical density probe or a conductance probe, which which corresponds to the perturbed reference system:

are nowadays widely available), whereas in (Chen

et al., 1995), an asymptotic observer is used to es-

timate this component concentration. The following
adaptive scheme is therefore a simplified version of
the original algorithm.

Fn = w (15)
250 —P

A direct adaptive scheme as described in (Bastin
and Dochain, 1990) is used. Consider the following
Lyapunov function candidate:

2
7)

L <F32+

2

whereP = P* — P, 8 = 8— 8 andyis a strictly positive
scalar. The specific growth rates andrs (and, of
course, the pseudo-stoichiometric coefficik)t are
assumed to be constant so tBatariations are negli-
gible (& =0).

Using the Lyapunov stability theory, the time
derivative of the Lyapunov candidate function should
be negative for the closed-loop system to be stable:

dv_dPy gdb1

dt  dt dty

Considering (13) and a possible parameter mis-
match @ # 6):

V(t) (16)

(17)

dP ~ =
P —AP— 06X (18)
so that (17) becomes:
dvV. o s =dB1
Ef—)\P —PeX—edty (19)

Choosing the followin@ adaptive law cancels the

second and the third terms:
db

dt
4.2 A Robust Strategy

yXP (20)

Structural and parametric uncertainties can be lumped

into a global parametric error:
5=6-80 (21)

whered is a nonlinear function ofS, P,O) represent-
ing possible inexact cancellations of nonlinear terms
due to model uncertainties aBdepresents the hypo-
thetical exact unknown value. Rewriting the kinetic
term in (15) using the new expression taken from (21),
we obtain:

A(P* —P) 4 BX — 8X

u=Fn=V
12Sn—P

(22)

P=A(P*—P)—&X (23)

Borrowing the ideas of thQuasi-LPVapproach
(Leith and Leithead, 2000), we bound the time-
varying parameted which is supposed to belong to
aknown sef := {5: 5 < & < 8} with andd respec-
tively representing the minimal and maximal admis-
sible uncertainties.

The parameteh is designed to ensure some ro-
bustness and tracking performance to the overall
closed-loop system, which is modeled as follows:

of :{ P —Az— 08X

z P*—P

wherez= P* — P is the performance output.
Letw=[ P* X |'C £, o1 be the disturbance

input to the system/, a(\,8) = [ A -8 ] and

(24)

c= [ 1 O } . The closed-loop system (24) can be
rewritten:
[ P = —AP+a(\,d)w
M'{z = —P+cw,deA (25)

Consider the finite horizon (for instance, between
the instant 0 and the tim€) £»-gain of systenmw
(M. Green and D.J.N. Limebeer, 1994), representing
the worst-case of the ratio ¢/ o 1) (i.€., the finite
horizon 2-norm of the tracking error) anjav|z o1
(i.e., the finite horizon 2-norm of the disturbance in-
put), which is defined as:

122,01

(26)
56A,075WCL27[0‘T] HWHZ,[O,T]

| Mwzl|eo,j0.7) =

Thus, the parametaris designed based on th&,
control theory (M. Green and D.J.N. Limebeer, 1994;
Skogestad and Postlethwaite, 2001). &tet 0 be an
upper limiting of | #wz|[w (0. Thus, the problem is
to find a such that:

<a

,[0,T] (27)

min o : || Mw]|
A0el
while ensuring the robust stability of system (25).

This optimization problem can be written in terms
of linear matrix inequalitiesL(MIs) and solved us-
ing readily available toolboxes, e.g., SeDuMi (Sturm
et al., 2006) can be applied to solve the prob-
lem. These constraints can be easily obtained via a
quadratic Lyapunov function (S.Boyd, L.EI-Ghaoui,
E.Feron and V.Balakrishnan, 1994)

V(P) = PQP= QF? (28)

whereQ is a strictly positive symmetric matrix (i.e.,
Q=CQ = 0)and ™ " corresponds to the transposition
matrix operation.
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The minimization in (27) is then equivalent to:

mina : V(P) >0, V(P)+ %z’z— aww <0 (29)
where, using (25) and (28), the time derivative of
V(P) is given by:

V(P) P'QP+PQP
(—A\P+aw)’ QP+ P'Q(—AP+ aw)
—AP'QP+ (aw)’QP— AP'QP+ P'Qaw
—2\P'QP+aw QP+ P'Qaw (30)
Using (30) in (29), the following expression is ob-

tained:
P1'[ —2m
w aQ
wherem = AQ andlp,, is the unity matrix of dimen-
sionny x ny andny, is the dimension oiv.
Now, consider the following lemmé&sghur Com-

plemen}:

P
w

Qa

1
g, ]—azi<0 (31)

Lemma 1. The following matrix inequalities are
equivalent

i) T>0R-ST!S>0

(i) R>0,T-SR !S>0

(i) {R S

S T
Hence, using the expression nf andc in (25)
and Lemma 1, the optimization problem in (27) can
be written as follows:

-0

mina : a>0,Q=Q >0 and
Qm
-2m m -0Q -1
m —a 0 1
50 0 -a 0 <0 (32)
-1 1 0 -a

If there exists a feasible solution to the above op-
timization problem for ald evaluated at the vertices
of A, then (27) is satisfied and= mQ 1.

Remark 1. Quadratic Lyapunov functions may be
conservative for assessing the stability of parameter-
dependent systems (G. Chesi and Vicino, 2004).
However, a parameter-independent Lyapunov func-
tion is considered in this study for two main reasons:

1. A\ is parametrized with the Lyapunov matr@
SO as to obtain a convex design condition.
parameter-independent matfxtherefore results
in a parameter-independent control law;

A

2. the variation ob is a priori unknown.

Robust Strategies

Remark 2. This method is likely to be conservative,
as the parameted has to bound the nonlinearities
of the inexactly cancelled terms. Less conservative
results can be obtained by considering the approach
of (D.F. Coutinho, M. Fu, A. Trofino and P. Daneés,
2008) to deal with the nonlinearities at the cost of a
larger computational effort.

5 NUMERICAL RESULTS

In this section, for comparing the adaptive and ro-
bust linearizing control strategies, several numeri-
cal simulations considering small-scale bacteria and
yeast cultures (respectively in 5 and 2D bioreac-
tors) are performed. The first simulation set is dedi-
cated to yeast cultures with initial and operating con-
ditions: Xo = 0.49/1, S = 0.59/1, Eg = 0.8g/l, Op =
Osat = 0.035/1, Co = Csat = 1.286g/1, Vo = 6.8,

Sn = 350g/1. The second simulation set is dedicated
to bacteria cultures with initial and operating condi-
tions: Xo = 0.4g/1, S = 0.059/1, Ag = 0.8g/1, Op =
Osat = 0.035/I, Co = Csat = 1.286g/1, Vo = 3.5,
Sn= 25(@/'

The values of all model parameters are listed in
Tables 1, 2, 3 and 4. Note that, for yeast cultures,
coefficientskys and ko are simply replaced b¥o;
andkoz while koo = 0, in accordance with the model
of (Sonnleitner and Kappeli, 1986). For the bacte-
ria model, parameters values are taken from (Rocha,
2003) and slightly modified to adapt the yield coeffi-
cient normalization to the proposed reaction scheme
(1) and kinetic model (with a slight difference in the
formulation ofr3).

The state variables are assumed available (i.e.,
measured) online for feedback. The adaptive and ro-
bust linearizing feedback controllers proposed in sec-
tion 4 aim at tracking the byproduct set-poi&t(and
A* =1 g/I) which is chosen sufficiently low so as to
stay in the neighborhood of the optimal trajectory but
also sufficiently high to avoid probe sensitivity limi-
tations. In this setup, a noisy byproduct measurement
is considered.

To design the parametgiin (23) via the optimiza-
tion problem (27), the parameteks, Kp, Ko, K,
andys, Yo are assumed to be respectively varying of
+100% andt15% from their nominal values. Simu-
lating the operating conditions of the control strategy
in (22), we may infer thab = —8= 0.5/3600s ! for
yeast cultures and = —8 = 0.1/3600s ! for bac-
teria cultures. In light of (25) and (27), these con-
straints yield for yeasts and bacteria, respectively to
A =0.0056 and\ = 0.0046.

Concerning the adaptive control law,= 1 and
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Table 1: Yield coefficients values of Sonnleitner and Table 3: Yield coefficients values of Roch&scoli model
Kappeli for S. cerevisiaenodel (Sonnleitner and Kappeli, (Rocha, 2003)

1986) | Yield coefficients| Values] Units |
| Yield coefficients| Values] Units | Ko 1
kx1 0,49 | gof X/gof$S Kx2 1
kx2 0,05 gof X/gof S kx3 1
kx3 0,72 | gof X/gofE kst 0,316 | gof Ygof X
kst 1 ke 0,04 | gof SgofX
ke 1 ko 0,157 | gof A/gof X
kpo 0,48 gof E/gof S kp3 0,432 | gof A/gof X
kp3 1 Kol 0,339 | gof O/gof X
kot 0,3968| gof O;/gofS koz 0,471 gof O;/gof X
ko2 0 gof O/gof S ko 0,955| gof O/gof X
kos 1,104 | gof O;/gofE kel 0,405 | gof CQy/gof X
ket 0,5897| gof CO;/gof S keo 0,754 | gof CQy/gof X
ko 0,4621] gof CQ/gof S kes 1,03 |gof COQ/gof X
kea 0,6249| gof COy/gof E Kos 2,02 [ gof O;/gofX
Koa 1,996 | gof O;/gof X

Table 2: Kinetic coefficients values of Sonnleitner and
Kappeli for the S. cerevisiaemodel (Sonnleitner and  Taple 4: Kinetic coefficients values of Rocha&coli

Kappeli, 1986) model (Rocha, 2003)

| Kinetic coefficients| Values] Units | [Kinetic coefficients] Values] Units |
Ho 0,256 | gof O;/gof X /h Ho 0,7218] g of Oz/gof X /h
Hs 35 | gof§gofX/h Hs 1,832 | gof Jgof X/h
Ko 0,0001 gof O/l Ko 0,0001 gof O/l
Ks 0,1 gof Sl Ks 0,1428 gof 9l
Ke 0,1 gof E/l Ka 0,5236 gof Al
Kig 10 gof E/l Kia 6,952 gof Al

y = 0.05 for yeast cultures whild = 2 andy = 0.25 o ‘

for bacteria cultures. Note also that the sampling pe- 8t e —

riod is chosen equal to.Dh. 5 of

Before discussing the results of the proposed woar

methods, it is interesting to observe the performance 2;_* 77777777

of a plain linearizing controller, i.e. without adapta- % 5 10 I 20 2

tion or robustification, applied to the yeast process in LX10°

the presence of modeling errors. For instance, con- J

sider the situation where the user selects a relatively 7

high gainA = 1, andB is fixed tokpy /2. Figure 3illus- =

trates the consequences of such choices. Even if the ki

controller behaves correctly during the first hours, the % 5 10 15 2 2

divergence of the ethanol signal during the last hours Time

will impact the quality of the culture. Figure 3: Yeast cultures — ethanol concentration and feed

rate when the controller is designed using a plain lineagizi
control approach (no adaptation and no robustification) in
the presence of modeling errors.

Figure 4 shows now the closed-loop response of
biomassX, ethanolE concentrations, and the inlet
feed rateF,, for five different values of the kinetic
parameters (which were randomly chosen) in yeast = .
cultures under a robust control strategy. In all sim- 81in (22)is taken as

ulation runs, a white noise is added to the ethanol ~ kpoksy
concentration measurement with a standard deviation 0— kp2ksy Koaf = &0 K2 © 33

. ; r1+kpars (33)
of 0.1 [g/l] and the culture is considered as always ks ko1
evolving in the optimal operating conditions in which Figure 4 shows that during the start-up phdse,

ry = :2 andrz = 0 so that the hypothetical parameter saturates to 0, leading to an ethanol overshoot (see
ko1

10
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0 5 10 15 20 25 1k
Time [h]

F

Figure 4: Yeast cultures — biomass and ethanol concentra- 0 5 0 1 20 2

tions, and feed rate — robust control strategy — results of 5 fime

runs with random parameter variations and a noise standardFigure 6: Yeast cultures — ethanol concentration and feed

deviation of+0.1 [g/I]. flow rate — adaptive control strategy — no measurement
noise.

Figure 4). The different curves are more or less indis-
tinguishable (the same noise signal is applied during 10 0 scapragh® [ Estmateas
the 5 runs) except in the last hours where the conse-
guences of model errors appear. Nevertheless, these
results are very satisfactory as model errors have a
negligible influence.

Figures 5 and 6 show the results of a simulation

performed with the same initial and operating con- 8

ditions with the adaptive strategy, in the ideal case Al

where there is no measurement noise, whereas Fig- =

ures 7 and 8 correspond to a noise standard devia- "~ |

tion of £0.05 [g/l] added to the ethanol concentra- 3 ‘ ‘ ‘

tion measurements. Due to sensitivity problems of 3 i " tmem % %

the adaptive law, higher noise levels usually lead to Figure 7: Yeast culturesB-adaptation and biomass concen-

computational failures. When the parameter adapta- ration — adaptive control strategy — noise standard deviat
tion performs well, the productivity of the adaptive of +:0.05[g/I]

and robust strategies is more or less the same, i.e., a
biomass concentration of approximately@0 is ob-
tained within 24 hours.

x107° 6 adaptation
T

E[g/

[/s]

=]

=]

in
N

F

5 0 ‘ ‘
> 0 5 10 15 20 25
Time [h]

‘ ‘ ‘ Figure 8: Yeast cultures — ethanol concentration and feed
1 s O e 2 % flow rate — adaptive control strategy — noise standard devia-
tion of £0.05[g/l].

Figure 5: Yeast cultures8-adaptation and biomass concen-
tration — adaptive control strategy — no measurement noise.
cultures under a robust control strategy. Figures 10
Figure 9 shows the closed-loop response of and 11 show similar simulation runs with the adap-
biomassX, acetateA concentrations, and inlet feed tive strategy. The same comments concerning the
rate Fn, for five different values of the kinetic pa- noise sensitivity apply.
rameters which are randomly chosen, in the bacteria  Note that the productivity is lower in the bacteria

11
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307 T T T T T T T i 6 CONCLUSIONS

Linearizing control is a powerful approach to the con-
trol of fed-batch bioprocesses. In most applications
reported in the literature, on-line parameter adapta-
tion is proposed in order to ensure the control per-
formance despite modeling uncertainties. On-line pa-
rameter adaptation is however sensitive to measure-
ment noise, and requires some kind of tuning. On
the other hand, robust control provides an easy design
procedure, based on well established computational

Figure 9: Bacteria cultures — biomass and acetate concen- : .
trations, and feed rate — robust control strategy — restifis o procedures using the LMI formalism. Large paramet-

runs with random parameter variations and a noise standard/ iC @nd structural uncertainties, as well as measure-
deviation of+0.1 [g/]. ment noise levels can be dealt with.

X 10’4 6 adaptation

Estimated 6
—0

1
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