OPTIMAL INPUT DESIGN FOR LOW-DIMENSIONAL
SYSTEMS: AN HALDANE KINETICS EXAMPLE

K.J. Keesman* and J.D. Stigter*

Systems and Control Group, Wageningen University
Mansholtlaan 10, 6708 PA Wageningen
THE NETHERLANDS

Tel. +31 317 483780, Fax: +31 317 484819,
e-mail: karel.keesman@wur.nl

Keywords: Optimal Input Design, Identification, Singu-
lar Optimal Control, Bioreactors.

Abstract

In this paper the well-known problem of optimal input de-
sign is considered. The problem is formulated as follows:
given a dynamic non-linear model structure which is as-
sumed to be affine in the input, and a specific parameter
of interest 0y, find a feedback law that maximizes the sen-
sitivity of the model output to the parameter. Analytical
solutions to this specific problem for a general single state
model structure are presented. As an example a bioreac-
tor with a biomass that grows according to the well-known
Haldane kinetics under regulated biomass concentration is
considered.

1 Introduction

A natural question in experimental modelling is how
should the input sequence be chosen such that the un-
known model parameters can be optimally estimated.
This is the well known problem of ‘optimal’ input design
(see e.g. Goodwin and Payne (1977); Zarrop (1979); Wal-
ter and Pronzato (1990)).

In the late eighties Munack and co-workers (see Munack
(1989) and Munack and Posten (1989)) provided a numer-
ical solution to the optimal input design problem for the
estimation of the Monod parameters in a bioreactor model
using a so-called modified E-criterion. Optimal feed rate
profiles to provide good estimation conditions for p,q.
and Kg have also been obtained in an ‘ad hoc’ manner
using control parametrization (see Versyck (2000)). It has
been recognized that numerical solutions to these type of
problems are very difficult to find. Recently, Stigter and
Keesman (2001) and Keesman and Stigter (2002) have
shown how a closely related problem for a fed-batch reac-
tor can be solved analytically using the minimum principle
of Pontryagin. In these papers a sequential input design

for pime, and Kg in a bioreactor under different condi-
tions, has been considered.

In this paper the previous results are generalized, but
it still focusses on sequentially finding a control law that
maximizes the parametric sensitivity ;Tyk for the specific
parameter 0, just to allow more or less simple analyt-
ical solutions and thus to avoid the numerical problems
frequently mentioned in the cited references! Hence, the
classical optimal input design problem is reformulated by
decomposing it into a number of related, but simpler, sub-
problems and thus attacked from a slightly different angle.
The goal of the paper is to present these general results
and further demonstrate it to the Haldane kinetic case, in
particular for the estimation of the Haldane parameters
tmaz, K p and Kj. This particular choice for Haldane ki-
netics is motivated as follows: (i) in addition to Monod,
Haldane kinetics are widely used, easily understood and
under substrate-limiting or inhibition conditions Kp and
K are crucial parameters, and (ii) relatively simple solu-
tions to the optimal input design problem appear.

In section 2 first the problem is formulated and the idea
of optimal input design via direct parametric sensitivity
control is further worked out. In particular, the theory
of singular optimal control is used to solve the problem.
Then, in section 3 some simulation results are presented
and discussed. Finally, the paper finishes with some con-
cluding remarks.

2 Optimal Input Design

2.1 Problem formulation

Consider the following general state equation affine in u:

W fa.0) + gla.0)u (1)

dt
where u,x € R and 6§ € RP. The corresponding paramet-
. e . . A o
ric sensitivity equation with, xzy = 5)71;9 and z¢(0) = 0,
becomes:

% = (fo(z,0)+uge(z,0))zo+ (fo(x,0)+uge(x,0)) (2)



where in what follows the functions and their derivatives
are denoted as f, f., fo, etc, thus without arguments and
without a reference to the parameter index k. Further-
more, it is assumed that f,g € C3*[(—00,00) x (—00, 00)].
The objective is now to maximize the parametric sensi-
tivity associated with one specific parameter, 0 from the
set {0;,i =1,...,p} under the assumption that the state
can be directly measured, so that y = = and thus yg = xy.
Extension to the case with indirect state measurements

' y = h(z,0) (3)

so that yg = h,xg + hg, is straightforward and will not be
treated any further here. Hence, the following quadratic
cost function must be mazimized,

ty

J:/mzdr

0

(4)

which is directly related to the Fisher information matrix
for the scalar case y = x. The time t; indicates the final
time of the experiment. Let the Hamiltonian H for the
associated optimization problem (maz{J} = min{—J})
be defined as

H A —xg(t) + M [f(z,0) + g(z,0)u

+A2[(fa + ugz)zo + (fo + ugs)] (5)

Pontryagin’s minimum principle states that the input
u(t) € U, an admissible set of input trajectories, that
minimizes H is optimal and thus in this case maximizes
J.

In the next section the theory of singular optimal con-
trol will be used to obtain a solution to the problem.

2.2 Singular Optimal Control

Since the Hamiltonian H does not explicitly depend on
time a first integral of the problem is H = constant. Also,
since the final time ¢y is assumed unknown and no ter-
minal conditions are specified (determining the value of
the co-states at ty) this constant can be assumed equal
to zero. Furthermore, since the problem is affine in the
control variable u(t), three possible minima can be found:
w(t) = Umag if sf <0, 0<ut) < tUnpqe if sf =0 and
u(t) = 0if sf > 0, where sf 2 91 g the so-called switch-
ing function. For this optimal input design problem one
finds from (5) sf = A1g + A2(g90 + 0g.). The case sf =0
corresponds to a singular arc. A singular control law that
minimizes the Hamiltonian H over all possible input se-
quences u(t) can be derived by setting (see A. E. Bryson
(Jr.) (1999), Keesman and Stigter (2002))

d" OH
arou (6)

In this case with one state equation and one specific pa-
rameter only two differentiations are needed to determine

Vie{0,1,2,..}

u(t) explicitly. From the conditions H = 0 and %—Z =0,
i.e. for i = 0, we obtain

553(90 + 269z)
—9(fo +xofz) + f(g0 + T09)
Ny = —g7}
—gfo+ f90 — xo(9fe — [9z)

Consequently, from the case i = 1, the singular arc condi-
tion (or interior boundary condition) can be derived as

A= (7)

(8)

701293 + 50g09. + 33392) + 90 f + w0 fux)-

—g (f9(2ge + 3209:) + 0 (290 f2 + f9z0+

+x9(3fmgz + fgxz))>:|
—9(fo +z0f) + f(g0 + T092)

which gives three solutions for ¢ provided g(fg+zo fs)+

f(go +w092) # 0.
Finally, the case ¢ = 2, under the interior boundary

condition (9), gives the optimal input

=0 9)

u(t) = — [f(ge + 20g.) <2f9(99 + 32092) + o (4 guo +

+20(3f29s +50922)) ) + 9°00 (Jo(2 o0 + 330 f22) + o

(ffxer + xf)(facfaca: + ffracac))) - g<2f92(99 + 3-779935) +

+6 fo (299fa: +4fg.e + 3x0(3f$g:v + 2fg:vw))
+xg <2f99f19 + fo(gwfacG + 3f2gz0 + 290 fox + [ zzo

erg (3f§g$ +5f fe9za + [(Go foz + fgxmx))))]/

{f(ge + 299:) (293 + 629909, + 3T392) — g (f@(Zgg +
+679909. + 32597) + o (2g§fx + 2092 ( — 4f gzo + To

(Sfmgz - 4fgzz)) —2g9 (fgmﬁ + x@(_?)fzgm + f!hz))))

+93$3(fa:x9 + g froza) + 92179( — (29260 + 320G22) +
+l‘9(_ga:f19 + g@fww - fw(ggme + 4:170ng> -

—fGuzo — fl'égmxx))} (10)
provided that the denominator is unequal to zero.
Notice that after substitution of (9) in (10) a feedback
law that is completely determined by the system functions
f and g and their derivatives is found. The solution of (9):
xg(t) = 0 results in the feedback law u*(t) = 75—2. This
solution clearly minimizes the cost function (4). In con-
clusion, Eqn. (10) together with the singular condition (9)
determine an optimal sensitivity trajectory in state space.
The condition (9) determines when to switch from a ‘bang’
input to the singular control law (10). We summarize this



main result in the following theorem for the case of a one-
dimensional state x(t) (without loss of generality).

Theorem 1 Given the model structure (1) and if
H(z*(t), u*(£), \*(t)) < H(x*(t),u(t), \*(t)), the optimal
singular control law that maximizes the cost function (4),
containing the parametric sensitivity xg of x with respect
to Oy (Eqn. 2) for xg # 0 is given by Eqn. (10) under the
singular arc condition given by Egn. (9).

Remark 1 If g(x,0) = b, a constant input parameter,
then the optimal singular feedback law reduces to

u*(t) = g*wg (f9(2fm9 + 320 foz) + o

+g3$3(f:rx6 + x@fmxz) (11)
with interior boundary condition: xg = —Le0  Substitu-
tion of this condition in the feedback law gives results as
in Keesman and Stigter (2002).

In the next section the theory will be illustrated to an ex-
periment design for the estimation of Haldane parameters
in a fed-batch reactor.

3 Results and Discussion

3.1 Fed-Batch Bioreactor Modelling

Consider a fermentation process with Haldane type
growth kinetics. The specific growth rate p(Cg) is then
given by

Cs

— (12)
Kp+Cs+ &

,LL(CS) = MUmax

where Cg is the substrate concentration and pmqz, Kp
and K are specific constants (see Fig. 1).
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Fig. 1: Haldane kinetics.

Under fed-batch conditions the following mass balance
equations holds:

dCs w(Cs) F
s =y — 1
By Oy
dCx F
pTa w(Cs)Cx — VCX (14)
av
Y _F 1
i (15)

where 1(Cyg) is the specific growth rate (see 12) in 1/h, 0 <
Yx,s <1 (-) the yield coefficient of biomass on substrate,
F (1/h) the flow rate, V' (1) the volume of the reactor and
u = Cgn (g/1) the variable substrate concentration in
the influent. In order to avoid the effect of variations in
the biomass concentration on the input design, Cx is kept
constant at C%, the biomass set-point, by selecting

F=p(Cs)V (16)

Hence, the flow rate F' is related to the biomass growth

and the actual volume of the reactor. Consequently,

ac Cx
5 = HCs)[=Cs = 3%

= + u] (17)

Yx/s
Notice that this dynamic state equation is affine in u. As
before the optimal input design problem is translated into
an optimal parametric sensitivity problem, but let us first
investigate the partial sensitivities ( f;+ug,) and (fo+uge)
in (2) for the parameters in the Haldane kinetics model.
The partial sensitivities are given by

Oftgu _  Kipmax [KIKPCX*+2K1KPYX/sCs+
oCs —
(KIYX/S—C})C?g-i-YX/su(Cg—KIKP)] 18
Yx,s(KiKp+K;Cs+C2)? (18)
o
of + gu o KICS(YX)/(S —u+t CS) (19)
ap’mam - (KIKP+KICS+O§)
o
af + gu ,uma;cK%OS(ﬁ);S _U'+OS) (20)
OKp — (KiKp+ K;Cs+C%)?
C3 (55 —u+ C)
of +gu PmazCs\v 3 S (21)
OK;  (K;Kp+ K;Cs+ C%)
where in what follows e.g. gf;i with © = Cg is simply

denoted as zy .

On the basis of these equations, (17)-(21), the corre-
sponding parametric sensitivity equation can be evaluated
and an optimal input design for the estimation of a spe-
cific parameters can be found. In the next section feed-
back laws will be derived for optimal input design of the
Haldane parameters.



3.2 Parametric Sensitivity Control

Let the fed-batch bioreactor model be given by (17).
A . A

Hence, f(z,0) = —u(Cs)[Cs + y2] and g(z,6) = u(Cs)

with u(Cg) given by (12). After taking derivatives and

substitution in Eqn. (10) an optimal input for the estima-
tion of e, is found, i.e.

« _ KIK}C%x+2KiKpC%Cs+KrKp(4Cx+K1Yx,s)Ca+

u =
+4K KpYx sCo+(K1Yx/s—C%)Cé (22)
Yx/s(K?K32+2K?KpCs+4K; KpC%—C%)
under the interior boundary condition
2 3
I,“'m,am - (23)

/’Lmaa:(KIKP - Cg)

where K?K?% + 2K?KpCgs + 4K KpC% — C& # 0 and
Cs # VK;Kp. The question is now how to choose the
initial substrate concentration C's(0). Recall that x¢(0) =
0, i.e the initial parametric sensitivity does not depend
on the parameter values. Hence, if one wants to start
directly on a singular arc, Cs(0) much be chosen such
that K;KpCs + K;C% + C% = 0. Choosing Cs(0) = 0

o, .
and thus u* = ﬁ}/(s leads to a minimum of J! However,

from (23) it can be easily verified that no real positive
initial concentration exists such that the experiment can
immediately start on a singular locus. Hence, the input
should be of an impulse-bang-singular type. It has been
found by a numerical line search that Cs(0) ~ VK Kp
is a good starting point. However, since in practice the
parameters are unknown we start at Cs(0) = 4 g/l to
avoid singularities in the interior condition. A simulated
experiment, setting fimq.=2.1 1/h, Kp=100 g/, K;=1
g/l and Yx,5=0.5, for the estimation of {4, is presented
in Fig. 2. Notice that first a input pulse is given to the
system followed by a bang, where the input concentration
is set to zero. The estimates of 1,4, are obtained by using
a simple Newton-like observer with gain v = 0.05.

=>

max
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N
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Fig. 2: Optimal experiment for the estimation of 4.

The sensitivity of x,,,,, for a deviation in the optimal
control input is depicted in Fig. 3.
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Fig. 3: Effect of deviation on u*(t) on sensitivity.

Similarly, an optimal experiment design can be per-
formed for Kp, leading to the singular feedback law,

_ KiKpCx 4 CxC% + 2Yx ;503

u* 24
Yx;s(K1Kp +C%) @

under the interior boundary condition
K;Cg (25)

TKe T (K Kp — CZ)

and assuming that Cg # +K;Kp. It appears again that
Cs(0) = VK;Kp is a good starting point. The results
of the simulated experiment, using the same parameter
values as before but now setting v = 0.01, for optimal
estimation of Kp are presented in Fig. 4. Notice that
due to the total removal of the substrate the experiment
is limited to 100 h.
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Fig. 4: Optimal experiment for the estimation of Kp.



Finally, for the parameter K7 it has been found that

| 3K[KpC% — 2K KpYx/sCs + CxC2

u* 26
YX/S(—3K1KP+C'§) (26)
under the interior boundary condition
03
= (27)

VK = K](—K[Kp + Cg)

and assuming that Cs # 3K Kp and Cg # VK[ Kp.
Unlike the previous cases it now appears that a high ini-
tial substrate concentration C's(0) is a good starting point.
The results of the simulated experiment, using the same
parameter values as before but changing the initial sub-
strate concentration to Cs(0) = 8 g/l and v = 0.01, for
optimal estimation of K are presented in Fig. 5 and 6.
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Fig. 5: Optimal experiment for the estimation of Kj.
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Fig. 6: Hydraulic behaviour reactor.

Notice that instead of solving the full optimal design
problem for all parameters together, we propose here to
solve it sequentially. Clearly, solving the full example

problem leads to four states (i.e. substrate concentra-
tion and three parametric sensitivities) with four co-state
equations. Hence, in order to obtain a control law that
only depends on the states four co-states have to be elim-
inated. In general this problem is too complex to solve
it analytically. Therefore the sequential procedure, de-
composing the problem into smaller problems for which
feedback laws can be rather easily found using symbolic
software, has been proposed. Obviously, in each separate
experiment full attention is given to the reduction of the
estimation uncertainty of a specific parameter, which will
most often also affect the uncertainty in the other parame-
ters. Because in general the prior knowledge of parameters

values is limited an iterative procedure is suggested. The
tr

sensitivity of J = [ xng with £ = 100 h to normalized
0

errors in the parameters (£10%) using a factorial design
for the deviations is summarized in Table 1. The cen-
ter point is defined by: [fimez Kp Kj £ 2.1 100 1]
where the overbar denotes the nominal value. In the last
row of this Table the normalized center point is indicated
by zeros. In this sensitivity study the same initial condi-
tions as in the simulation study are used.

Table 2 contains the parameter estimates Bo, - 53, i.e
the parameter sensitivities and associated standard devi-
ations of J to errors in the kinetic model parameters, of
the linear regression model,

J:60+51X1 +ﬁ2X2+ﬂ3X3+6 (28)

Urmaz —Bmaz _ Kp—K, _ K;—-K
where X; = l%ffp::;m’ Xy = 01Rp Xz = TR,

Clearly for 10 % deviation there holds: X; = +1 for 7 =
1,...,3 (see Table 1). It appears that the error e for each
of the three experiments is smaller than 0.03, 2.10~° and
0.22, respectively. Hence the residuals are relatively small.
Furthermore, for the optimal experiment design for pmqz
it appears that the 10 % errors in parameter K; does not
affect the cost J and the cost in the experiment for K7 is
not affected by errors in fi;,,4,- In addition to this, using
an overall curvature check, it turned out that second-order
terms in this regression-based sensitivity analysis do play
a minor role and can thus be neglected.

3.3 Concluding remarks

In this paper, for a general one-dimensional model struc-
ture affine in u, a feedback law for optimal input design of
a specific parameter has been derived. Implementation of
this feedback law leads to the maximization of a quadratic
cost function containing the associated parametric sensi-
tivity.

The approach is illustrated to the dynamic input design
for the estimation of Haldane kinetic parameters in a fed-
batch bioreactor. In the experimental set-up the biomass
concentration is kept constant by manipulating the flow,
so that effectively only one state equation remains.



Table 1: Factorial design parameter perturbations.

0Cs /Otmax 0Cs/OKp x 10~4 0Cs /0K

- - -|211 |- - - 6.94 - - -14.28
+ - - | 155+ - - 7.73 + - - 413
- - 1180 | - - 4.12 - - 1315
i - 1.35 | + - 4.67 + -1 3.10
- - 4211 - - 4 7.23 - - 4207
+ - 4+ | 155+ - 4 8.03 + - + | 198
- + | 1.81 | - + 4.29 - + | 1.52
n + | 1.36 | + i 4.84 i + | 1.48
0 o | 1.67 | o 0 5.76 0 o0 o0 | 247

Table 2: Parameter sensitivities.
603/(9#7,“” 805/8Kp % 107 603/81(1
Bo | 1.701 £ 0.012 5.960 £ 0.043 2.687 £ 0.069
B1 | -0.251 £+ 0.013 0.336 + 0.045 -0.042 + 0.073
B2 | -0.126 £ 0.013 -1.501 4 0.045 -0.399 4+ 0.073
B3 | 0.002 £ 0.013 0.116 4+ 0.045 -0.950 4+ 0.073
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