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Abstract

In these lecture notes we explain how to build an observer for a bi-
ological system. We review the existing linear and nonlinear observers
and we propose criteria to define which is the best observer with re-
spect to the available information. Depending on the model reliability
and on the level of noise, we can develop observers which use the full
model description (high gain observers) or asymptotic observers which
use only a mass balance model where the biological kinetics are con-
sidered as unknown inputs. If the bounds on the uncertainties can
be characterised, interval observers can be designed. Each observer is
illustrated with an example performed on a biological system.
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1 Introduction

One of the main limitations to the improvement of monitoring and optimisa-
tion of bioreactors is probably due to the difficulty to measure chemical and
biological variables. Indeed there are very few sensors which are at the same
time cheap and reliable and that can be on-line used. The measurement of
some biological variables (biomass, cellular quota, etc.) is sometimes very
difficult and can necessitate complicated and sophisticated operations.

The question is to estimate the internal state of a bioreactor when only
a few measurements are available. In this lecture we propose methods to
build observers which will use the available measurements to estimate non
measured state variables (or at least some of them). The principle of this so
called “software sensor” is to use the process model to reconstruct asymp-
totically the state on the basis of the outputs. As it will be detailed in this
chapter, the system must be observable, or at least detectable, in order to
estimate the internal state.

There are numerous methods to design an observer. They rely on ideas
that can be very different. Thus the best observer must be chosen with
respect to the type of problem. The choice will then be strongly connected
to the quality and the uncertainties of the model and of the data. If the
biological kinetics are not precisely known, the mass balance will be the
core of the asymptotic observers. If there are bounded uncertainties on the
inputs and/or on the parameters, then we will estimate intervals in which
the state of the system should lie. If the model has been correctly identified
an validated, then we can fully exploit it and -if the output are not corrupted
with a high level of noise- we can develop a high gain observer.

The type of observer to be developed must not be based only on the
model quality: it must also take into account the objectives to be achieved.
Indeed, an observer can have other purposes than monitoring a bioreactor:
it can be developed to apply a control action which need an estimate of the
internal state. It can also be used to determine if a failure did not happen
in the process.

2 Notions on system observability

We will only recall the main useful notions, we will give references for the
more technical parts (see [1, 2]).
The observability notion is fundamental in automatic control. Intuitively,



818 O. Bernard and J-L. Gouzé

one tries to estimate the state variables from the available measurements.
If this is possible from a theoretical point of view, the system is said to be
observable. Then the next question is how to derive an observer which is
another dynamical system providing a state estimate. Let us mention that
the question of observability and of observer design are very different: the
observability property does not give any clue on how to build an observer.

The theory is extensively developed in the linear case (see next section)
and, in the nonlinear case, has been strongly developed during the last years
but for particular classes of models.

2.1 System observability: definitions
We will consider the general continuous time system:
(s) { FO) = f@®),u) 5 z(to) = 20
y(t) = h(z(?))

where z € IR" is the state vector, u € IR™ is the input vector, y € IR? is the
output vector, zp is the initial condition for initial time #y, f : R?» XxIR™ —
IR™ and h : IR™ — IRP.The functions are assumed to be sufficiently smooth
in order to avoid problems of existence and uniqueness of the solutions.

(1)

Example: For the bioreactors described by a mass balance model, we
have:

f(2(t),u(t)) = Kr(z(t)) + D(zin(t) — z(t)) — Q(z(?))

Here D and z;, stands for the input vector.
We assume therefore that, for system (S),

e the input u(t) is known
e the output y(¢) is known

e functions f and h, are known, i.e. the model is known (for a bioreactor
it means that r(.) is known in the mass balance based modelling).

We want to estimate z(t); the observability is a theoretical notion that states
if it is possible.

Definition 1 Two states zo and x| are said indiscernible if for any input
time function u(t) and for any t > 0, the outputs h(z(t,zo)) and h(z(t,z}))
that result are equal.
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Definition 2 The system is said to be observable if it do not have any dis-
tinct couple of initial state g,z that are indiscernible.

This means that for any input the initial condition can be uniquely esti-
mated from the output. It can be noticed that generally for nonlinear system
the observability depends on the input; a system can be observable for some
inputs and not observable for others.

Definition 3 An input is said to be universal if it can distinguish any couple
of initial conditions.

Definition 4 A non universal input is said to be singular.

Even in the case where all the inputs are universal (the system is said to be
uniformly observable and can be rewritten under a specific shape, see section
4), this can be insufficient in practice. We impose then that the universal
property persists with time, and we obtain (at least for some systems) the
notion of regularly persisting input (see Hypothesis 5, paragraph 5.3).

For the linear systems things are much simpler (see next section).

2.2 General definition of an observer

Once the system has been proven to be observable, the next step is the
observer building in order to estimate the state variable z from the inputs,
the outputs and the model.

The observer principle is presented on Figure 1. It is a second dynamical
system that will be coupled to the first one thanks to the measured output.

u Process y

L -

X

\

Observer| X
yi

\

Figure 1: Observer principle
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Definition 5 An observer is an auxiliary system coupled with the original
system:
) { @(t) = F: (2(),u(t),y(®) 5 2(to) = 2 )
() = h: (2(2), u(t),y(t))

with z € RY, f IR x R™ x R? — R? and h IR x R™ x R? — IR" such
that
li — 3 =
Jim | 2(t) - 2(2) =0 3)
It is the classical definition which may be insufficient in some cases. It is
stated that the estimation error tends asymptotically toward zero. Indeed
one tries to tune the error decreasing rate (convergence rate). Let us explain
this with a simple linear example: let us consider the linear system ‘fi—f =
Az + Bu where z € IR and let us assume that matrix A is stable. A
az

trivial observer can be obtained with a copy of the system: % = Az +

Bu. Indeed, the error e = £ — £ follows the same dynamics % = Ae and

therefore converges toward zero. Let us remark that this observer does
not necessitate any output. This example shows that the stable internal
dynamics is sufficient to estimate the final state. This example highlights a
property which will be called detectability for linear systems and which will
be the basis of asymptotic observer (section 4) in a different framework. As
a consequence, an additional requested property is to be able to tune the
convergence rate of the observer in order to be able to reconstruct the state
variables more rapidly than the dynamics of the system. Let us remark that
the observer variable (z in O) can be of greater dimension than the state
variable to be estimated z.

Another property that we wish is that if the observer is properly initiated,
i.e. with the true value z(0), then its estimation remains equal to z(t) for
all t. This suggest a peculiar structure for the observer

Definition 6 Often, the following observer is taken:

©) { (1) = f(5(1), u(t)) + K{z(0), h(E() ~ y(1)
92 (1) = f(2(t),ut), y(t) with k(z(t),0) =0

53

This is a copy of the system with a correcting term depending on the dis-
crepancy between the true measured outputs and the value of the output
computed from the observer. The correction amplitude is tuned thanks to
the function k that can be seen as a gain (it is an internal tuning of the
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observer).

In the ideal case, the gain k£ can be tuned in order to have a converging
rate as large as requested.

Definition 7 System (O) is said to be an exponential observer if, for any
positive A, the gain k can be tuned such that

¥(20,2(0),20) ¥t >0, ||2(t) —z(t)[| < e[2(0) — z(0)]].

2.3 How to manage the uncertainties in the model or in the
output

In real life- and especially in the biological field- one often considers that
there are noises either in the output (measurement noise) or in the state
equation (model noise). In general the model noise is assumed to be additive
(see section 3.5), which is a strong hypothesis (it could be e.g. multiplica-
tive).

Another important case which often appears in the bioprocesses is when
the model integrates some unknown parts. For example the biological ki-
netics in the mass balance models for bioreactors are generally not precisely
known [3].

How to manage these two problems which have some related aspects ?

e Linear filtering, and more specifically Kalman filtering. It is the most
popular method. It assumes that the noises are additive and white; it
minimises the error variance (see next section).

e The approach L?, H? or H®. It consists in assuming that the noises
or perturbations w(t) belong to a given class of functions (L?) and to
try to minimise their impact on the output using the transfer function.
In the H? approach, one tries to minimise the norm of this transfer
function. in the approach H°, one tries to minimise the input effect
in the worst case (see [4]). For example, for a v > 0 and R a positive
definite matrix, one wants the observer Z to verify:

sup | 160 =2 vl d <o.
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e Disturbance rejection. One tries to build observers independent from

the unknown perturbation. The disturbance is cancelled for example
thanks to linear combinations of variables [5, 6].

The asymptotic observers are among this class of systems (see section
5).

Bounds on the perturbations and on the uncertainties. One assumes
that uncertainties are bounded, and one tries to design interval ob-
servers which provide the best possible bounds for the variables to be
estimated. For some cases, one tries to minimise this bounding (section

6).

One can also use these bounds to design sliding mode observers which
have a correcting term of the type sign(z — z). Note that the way these
observers take the uncertainties into account generates a discontinuous
dynamics on the sliding manifolds [7].

Remark: it is possible to construct examples where a system is observable

when the model is known and becomes unobservable when a part of the
model is unknown. For such cases the requirement for a classical observer
may be relaxed. In particular, we will not assume anymore that

Tim | (1) — () |= 0 (4)

but that the discrepancy tends toward a reasonable value for practical ap-
plications.

3 Observers for linear systems

For single output linear stationary systems we have:

dz = T u
R e R

with A € M™*(R) (n > 2), C € MP>**(R).

The well known observability criterion is formulated as follows:

C

CA
(SL) observable < rank ) =n.

CA'nfl
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which relies on the fact that the observability space is generated by the
vectors (C,CA,...,CA™1).

The canonical observability forms, that can be obtained after a linear
change of coordinates, highlight the observation structure. They will reap-
pear in the nonlinear case for the high gain observer (section 6).

Theorem 1 If the pair (A,C) is observable, then there exists an invertible
matriz P such that:
Ay=P'AP, Cy=CP

with
—a, 1 0 0
—an_101...0
A=| ¢ i1 [ G=0 00
—a2 0 0 ...1
—a 0 0 ...0

What happens if the system is not observable 7 One can rewrite it in two
parts, as it is shown in the following theorem. Here A; and A3 are two
square matrices with dimensions corresponding to x; and x2. The canonical
form shows clearly that 1 can not be estimated from z,.

Theorem 2 General canonical form:

d—wtl = Aixz1 + Aszo + Biu
% = Aszo + Bou
Y = (a2

Matrix A; imposes the dynamics of the unobservable part; if it is stable,
then the dynamics of the total error will be stable, but the unobservable
part will tend toward zero with its own dynamics (given by A;); the system
is said to be detectable.

3.1 Luenberger observer

If system (5) is observable, a Luenberger observer [8] can be derived:

di(t)
dt

= A#(t) + Bu(t) + K(Ca(t) — y(t))

where K is a dimension n gain vector, which allows to tune the convergence
rate of the observer.
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Indeed, the dynamics of the observation error e =  — Z is:

de
—=(A+K
7 (A+ KC)e

Let us note that this dynamics do not depend on the input. The pole
placement theorem sates that the error dynamics can be arbitrarily chosen.

Theorem 3 If (A,C) is observable, the vector K can be chosen to have an
arbitrary linear dynamics of the observation error.

In particular, the gain vector K can be chosen in order that the error con-
verges rapidly toward zero. But then the observer will be very sensitive to
perturbations (measurement noise for example). A good compromise must
be chosen between stability and precision. The Kalman filter is a way to
manage this compromise.

3.2 The linear case up to an output injection

There is a very simple case for which a linear observer can be designed for a
nonlinear system, it is the case where the nonlinearity depends only on the
output y.
dz =
(8) . dt (t) Ax(t) + ¢(t,y(t)) + Bu(t) (6)
y(t) = Cx(t)

¢ is a nonlinear (known) function which takes its values in IR”. The following
“ Luenberger like” observer generates a linear observation error equation:

da (%)
dt

The dynamics can be arbitrarily chosen if the pair (A4, C) is observable.

= Ai(t) + ¢(t,y(t) + Bu(t) + K(Ci(t) — y(t))

3.3 Local observation of a nonlinear system around an equi-
librium point

Let us consider the general system (1), and let us assume that it admits a
single equilibrium point (working point ) at (z¢,ue). The system can then
be linearised around this point:

Theorem 4 The linearised system of (1) around (ze,ue) is

ax 4y
(S) { ;t(t()t):—cziixX + BU )
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it ofwu) . Of(au) . Oha)
z,U B T, U _ T
A= oz B= ou ¢ oz

Matrices A, B,C are estimated at xe,ue. Variables X,U,Y are deviations

toward equilibrium:
X=zx—-z,, U=u—¢e., Y =y—Czx

If the pair (A, C) is observable, the nonlinear system is locally observable
around the equilibrium.

3.4 PI observer

The Luenberger observer is based on a correction of the estimations with a
term related to the difference between the measured outputs and the pre-
dicted outputs.

The idea behind the proportional integral observer is to use the integral
of this error term. We consider the auxiliary variable w:

{ Zi_z((?) (t) i é.’lf(t_) + Bu(t) + K((C%(t) — y) + Kp ®)
dt = Cz—y

The error equation (e; = & — z and e,, = W) is then:

dstm(t) _ A+ KiC Kp ez(t) (9)
%‘L(t) C 0 ew (1)
The gains K7 and K, can be chosen such as to ensure stable error dynamics

[9]. The integrator addition provides more robustness to the observer to deal
with measurement noise or modelling uncertainties.

3.5 Kalman filter

The Kalman filter (see [10]) is very famous in the framework of linear sys-
tems; it can be seen as Luenberger observer with a time varying gain; this
allows to minimise the error estimate variance.
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A stochastic representation can be given by the observable system:
% (t) = A 2(t) + Bu(t) + w(t) 5 z(t) = o
y(t) = C x(t) +v(t)
where w(t) and v(t) are independent centred white noises (Gaussian pertur-

bations), with respective covariances Q(t) and R(t). Let us also assume that
the initial distribution is Gaussian, such that:

Elzo) = %0 ; El(z0 — %0)(z0 — 20)"] = Py (11)

(10)

where FE represents the expected value and P, is the initial covariance matrix
of the error. The filter is written in several steps:

1. Initialisation:

Elzo) = &9 ; E[(z0 — &0)(z0 — 30)"] = Py (12)

2. Estimation of the state vector:

Ccii_g;f(t) = A &(t) + Bu(t) + K(t) [y(t) = C 2(0)] ; (to) =0 (13)

3. Error covariance propagation (Riccati equation):

dP

E(t) = A P(t)+ P(t) AT — P)CTR(t) 'CP(t) +Q(t) (14)

4. Gain computation:
K(t)=P(t) CTR(t)™! (15)

Some points can be emphasised:

e This filter can still be applied when matrices A and C depend on time
(the observability must nevertheless be proven).

e The estimation of the positive definite matrices R, @, P, is often very
delicate, especially when the noise properties are not known.

e A deterministic interpretation of this observer can be given: it consists
in minimising the integral from 0 to ¢ of the square of the error.

e This observer can be extended by adding a term —@P(t) in the Riccati
equation. This exponential forgetting factor allows to consider the
cases where () = 0.
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3.6 The extended Kalman filter

The idea consists in linearising a nonlinear system around its estimated
trajectory. Then the problem is equivalent to build a Kalman filter for non
stationary system. Let us consider the system

{ L) = f(alt) + wlt) 5 o(t0) = 20
y(t) = h(z(t)) + v(t)

and the observer is designed as above, with a change in the second step:

(16)

2. Estimation of the state vector:

%(t) = f@®) + K@) [y(t) —h(@®)] ; 2(b) =2 (17)
and using the matrices of the tangent linearised:
R ICURE - o (19)

o(t)=a(t)

This extended filter is often used, even if only few theoretical results guar-
antee its convergence (see Section 4.4).

4 High gain observers

4.1 Definitions, hypotheses

In this chapter, we will assume that a simulation model of the process is
available, (i.e. with modelling of the biological kinetics ). We also assume
that the model has been deeply validated: the high gain observers are dedi-
cated to the nonlinear systems and require a high quality modelling.

We will consider now the systems which are affine with respect to the
input, that are described as follows:

e
T = 1(6) +ug(©) (19)

We consider here the case where u € IR. For bioreactors, the input corre-
sponds generally to the dilution rate u = D. In this case f(¢) = Kr(&)—Q(§)
and g(€) = &in — £.

Moreover, we assume that the output is a function of the state: y =
h(¢) € R.
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Hypothesis 1 We will state the two following hypotheses:
o [i] the system (19) is observable for any input.

e [ii] there exists a positively invariant compact K, such that for any time

t, £(t) € K.
We will denote L¢h(§) = g—g (€), which is the Lie derivative of h along the
vector field f. By convention, we will write L’;h(f) =L sz}_lh(f).

4.2 Change of variable

Let us consider the following change of coordinates, defined on the compact
set K:

) _ (n—1) T
:6— (=[hE©), Lh(©, - L{ 0@ | (20)

This change of variable consists in considering (in the autonomous case) the
output y and its n — 1 first derivatives as new coordinates.

Hypothesis 2 The mapping ¢ is a global diffeomorphism.

One can verify [11] that under Hypothesis 2 ¢ transforms (19) into:

d - _
= ACHHO 9O (21)
y = C¢ (22)
with:
0 1 0 0
1
A:(‘_’ ° ‘?), C =[1,0,...,0]
0 0 0 1
0 0 0 0
0 _$1(¢1)
~ . _ Pa(C1,C2)
P(C¢) = (:) , P(C) = ( : )
L?h(zp_l(g)) 152(41,(2. ----- Cn)
where

i(2) = Pi(C1y - G) = LeLY D R[67HO)] (23)

In this canonical form, all the system nonlinearities have been concentrated
in the terms 9(¢) and 9(¢). We will present the various observers using this
canonical form (let us note that this canonical form is very close to the one
in section 3 for the observer pole assignment).
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Let us remark that an observer in the new basis will provide an estimate
é which will estimate (, 7.e. the successive output derivatives. The idea
consists in writing the observer in this canonical basis i.e. a numerical
differentiator of the output. Then, going back to the initial coordinates
(applying ¢~ 1(¢)), the observer will be expressed in the original basis.

To design a high gain observer, we need an additional technical hypoth-
esis:

Hypothesis 3 The mappings 1 and 9 defined in (21) are global Lipschitz
on K.

Intuitively, this hypothesis will allow us to dominate the non-linear part,
imposing that the dynamics of the observer can be faster than the system
ones (this explains the idea of the “high gain”).

4.3 Fixed gain observer

Property 1 [12] For a sufficiently high gain 6, and under Hypotheses 1, 2
and 3 the following differential system is an exponential observer of (19):
di . . dp17t
o = 1@ +ug@) - [ 2]
where Sy, is the solution of the equation 0Sy + A'Sy + SgA = C'C
Sy can be computed as follows:

Sy C'(h() — ) (24)

=T

(1) (5 —2)!

So(i,g) = gt T (i —1)1(G — 1)!

For the convergence proof and other details we refer to [12].

4.4 Variable gain observers (Kalman like observer)

The extended Kalman filter is often used in a framework where its conver-
gence is not guaranteed (see section 3.5). We show here how to build a
high gain observer very close to the Kalman filter (after change of variable),
whose convergence is guaranteed.

Property 2 [13] For a gain 6 sufficiently high, and under hypotheses 1, 2
and 8 the following differential system is an exponential observer of (19):

. —1
G = @) tug@) 1 [3] ST O'(h(#) ~) (26)
98 — _SQuS — A*!(i,u)S — SA*(#,u) + LC'C
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with v > 0, Qg is computed from the two positive definite symmetric matrices

Ag and Q:

Ag = diag(6,6%,...,0") (27)
Qo = AgQAg (28)
Matriz A* can be computed from the diffeomorphism ¢:
A*Eu)=A+ [@] tu [8—¢] ) (29)
Ole=piey L1 c=p(e

We refer to [13] for the proof of the convergence of this observer and for
more details, especially for the choice of r and of matrix Q.

It is worth noting that, even if the filtering and noise attenuation per-
formances of this extend Kalman filer are a priori better, this observer is
above all a high gain observer; it will therefore present the same generic high
sensitivity with respect to the measurement noises and modelling errors.

The advantages of the Kalman like high gain observer have a price: this
observer is heavier to implement. ﬂn2_+31 differential equations must be in-
tegrated instead of n equations for the simple high gain observer.

4.5 Example: growth of micro-algae

We will consider the growth of micro algae in a continuous photobioreactor.
The algal development is limited by a nitrogen source (NOj3) denoted S,
and uses principally the inorganic dissolved carbon (C), mainly under the
form of CO4. The algal biomass (X) will then correspond to an amount of
particulate nitrogen (V).

In order to simultaneously describe the cellular carbon and nitrogen up-
take, we will consider the following reaction scheme

s N
c™Y x

Setting ¢ = (X, N, S, C)?, the mass balance based model (33) can be writ-
ten with:
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The units for carbon and nitrogen are the same for biomass and substrate,
and moreover the nitrogen uptake yield is assume to be unitary. The nutrient
uptake rate is assumed to follow a Michaelis-Menten law [14]:

S
T (5) = Pmaz mX

The algal growth from carbon is r2(€) = u(£) X, where the growth rate pu(§)
is described by the Droop law [15]:

p(€) = plg) = p(l ——) (30)

Variable g represents the internal nitrogen quota defined by the amount of
nitrogen per biomass unit: ¢ = %

We assume that biomass is measured (it is estimated by its total biovol-
ume), and will be used to design a high gain observer to determine S and
q.

In this case, the nitrate concentration in the renewal medium (S;,) can
be controlled. More precisely, S;, can vary as follows:

Sin = sin(1 4+ u)

where 4 is the control, and s;, the nominal concentration, corresponding to
u = 0.

In the sequel, we will consider only the 3 first equations of this system,
and we will consider the following change of variables:

— X, _ N . _ S
= 5= T2 = Xkyr T3 = 5,

Sin

e I

Sin

_ ks — . _p
L4 al_ﬁa az = U; a3_ﬁ

that leads to the following system:
dz
{ o = 1)+ uglz) 1)
y = h(z1)
with:

(32)



832 O. Bernard and J-L. Gouzé

Biovolume (IUIJ)9 plmslll)

Quota (10° umm]llmms)

Nitrate (umol/l)

Time (days)

Figure 2: Comparison between direct measurements (o) and observer predictions (—)
for model (31): (A) Biomass estimated from total algal biovolume. (B) internal quota.
(C) Nitrate concentration
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The high gain observer for model (31) is then given by:

36
o D ~9
l?,e? [1 - (1 - —) ;ﬁg] + 392“’—%]
T a as®
G3) = 1 2 21
52 NRY)
l30331 +302Bas + 93M]
a1a2a3%1
with:
A~ 1 T D2
By = _ l DTS | 2a5 + &2 (2a2 —3D — —)
a103%1 |a1 + 23 as
7 D
s (2 573 (1 - —> + day — 4D>]
a; + 3 a9
A A \2 A
B3y = w %9(2D — 3ag) + 4ag + 2 agng ]
41020371 a1+ I3

An experiment where u fluctuates sinusoidally was used to validate the ob-
server. Figure 2 proves the observer efficiency when the model is well known.
The observer predictions are in agreement with the experimental measure-
ments. For more details on this example, see [16, 17].

5 Observers for mass balance based systems

5.1 Introduction

In the previous sections we have considered the case where the uncertainties
were due to noise on the outputs and, in some cases were due to modelling
noise. We have seen Chapter 2 that the bioprocess models are often badly
known. In particular when the model is written on the basis of a mass bal-
ance analysis, a term representing the reaction rates appears. This term
which represents the biological kinetics with respect to the model state vari-
able is often speculative. Often the modelling of the reaction rate is not
reliable enough to base an observer on it. In this section we will use the re-
sults for the observers with unknown inputs [6, 18, 5], whose principle relies
on a cancellation of the unknown part after a change of variable in order to
build the observer.

We will show how to build an observer for a system represented by a
mass balance and for which the kinetics would not have been expressed. We



834 O. Bernard and J-L. Gouzé

will see that the main condition to design such an observer is that enough
variables are measured. In particular we will not assume any observability
property. This is not so surprising since the observability property relies on
its full description (including the kinetics) which is not used to build the
mass balance observer. In fact it is not really an observer stricto sensu, but
more precisely a detector, relying on hypothesis that the non observable part
is stable.

5.2 Definitions, hypotheses

In this chapter we will consider the biotechnological processes that are mod-
elled with a mass balance model:

% = Kr(£) — D(t)¢ + D(t)éin(t) — Q(€) (33)
with

¢eR" reRP (34)

We assume that the set of available measurements y can be decomposed into
three vectors:

y=[y1 y2 y3]" (35)

where:

e 71 is a set of ¢ measured state variables. To simplify the notations, we
will order the components of the state so that, y; corresponds to the
q first components of &.

e 1y, represents the measured gaseous flow rates: yo = Q(¢)

e y3 represents the other available measurements (pH, conductivity,...)
that are related to the state through the following relationship: y3 =

h(€)

Let us rewrite system (33) after splitting the measured part (£ = y1) from
the other part of the state (£2).

dé
dt
dés
dt

= Kl’l"(f) — Dfl + D&'m - Ql(f) (36)

= KQ?"(&) — DfZ + DginZ - QQ(f) (37)
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Matrices K1 and Ko, vectors &1, &in2, Q1 and Qo are such that

[ K1 [ &m [
K_<K2>’£m_<€m2>’Q_<Q2>

5.3 The asymptotic observer

In order to build the asymptotic observers we need the two following tech-
nical hypotheses:

Hypothesis 4 (i) There are more measured quantities than reactions: q >
p. (ii) Matriz K, is of full rank.

Hypothesis 4(ii) means that a non zero r cannot cancel K (a reaction can
not compensate the other ones with respect to the measured variables).

Consequences: under Hypothesis 4, the ¢ X p matrix K; admits a left
inverse; there exists a p X ¢ matrix G such that:

Let us set: A = —K3@G, and let us consider the following linear change of
coordinates:
Ga = & (39)
G = A&+ & (40)

this change of variable transforms (36) and (37) into:

L = Kyr(T¢) ~ DGy + Dt — @(T0) (a)

d

P2~ _D(G ~ Gna) — (AQI(TC) + Qu(T0) (42)
with

= (B Y ) = (4 n) 3
and
The equation of (5 can be rewritten using the output ys:

X D6 o)~ My (45)

dt
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Remark: System (45) is a linear system up to an output injection (cf.
Section 3.2).

We can now design an observer for this system, simply after copying
equations (45). But we must first state an hypothesis to guarantee the
observer convergence:

Hypothesis 5 The positive scalar variable D is a regularly persisting input
i.e. there erists positive constants c¢1 and cy such that, for all time instant t:

t+c2
0<c < / D(t)dr
t

In practice, co must be low with respect to the time constant of the system.
Moreover g—; must be high because it determines the minimal converging rate
of the observer.

Lemma 1 ( see [3]) Under Hypothesis 77, the solution &5 of the following
asymptotic observer:

dé .
d—: = —D(C2 = Gin2) — My (46)
§2 = (2 — Ay

converges asymptotically toward the solution & of the reduced system (37).

Proof: it can be easily verified that the estimation error es = 52—52 = 62 —(
satisfies: p
€2
—= = —Des. 47
dt “ (47)

and converges asymptotically toward & if Hypothesis ?7? is fullfiled. [3].

5.4 Example

We will consider as example the growth of the filamentous fungi Pycnoporus
cinnabarinus (X) [19]. The fungi uses two substrates to grow: glucose as
carbon source (C) and ammonium as nitrogen source (N). The reaction
scheme is assumed to be composed by one reaction:

N+C—X
The model is then of the type (33), with:

f = [N CX]T7 K = [_kl — ko 1]T7 £zn = [Nz'na Cin, O]T
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2
|

2 3 4 0 1 2 . 3 4
Temps (jours) Temps (jours)

Figure 3: Comparison between direct biomass measurements of Pycnoporus cinnabarinus
(o) and observer predictions based on the nitrogen measurement (A) or on the carbon
measurement (B)

The following measurements are available: y; = [N C]7.
The state partition will then be the following:

G=[NCI", &=X

associated with:
Ky =[-k —k)]', K,=1

Matrix K has an infinite number of left inverses. We will consider two of
them: Gy = [—%, 0] and G5 = [0, —é] These two matrices will naturally
lead to two observers. The first one based on the nitrogen measurements:

% _pg-Ne
dt 2k (48)
X' =04
and the other one based on carbon:
dCAQQ 22 Cm
52 p(fg_Tm
dt (G2 ko ) (49)

2 ) C
X'=0G -5

The results of these observers obtained with experimental data are presented
in Figure 5.4. In this case, the observer based on the nitrogen measurements
is more reliable.
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5.5 Improvements

The asymptotic observers work in open loop. Indeed, their estimate relies on
the mass balances and are not corrected by a discrepancy between measured
and estimated quantities. It assumes that the mass balance model is ideal.
Nevertheless, the yield parameters are difficult to estimate properly, and in
some cases (wastewater treatment) the mass inputs in the system are not
precisely known. In this case it can be dangerous to base the observer only on
the mass balance model without taking into account some measurements on
the system that reflect its actual state. It can be possible to on-line estimate
these unknown parameters, but we will see here another method aiming at
improving the observer robustness with respect to some uncertainties.

In this paragraph, we will see how to exploit the available measurements
y3 to improve the asymptotic observer performances.

We assume here that y3 € IR. We define the mapping h:

h: (fl,fg) € (]R,p X Rn—p) —r Y3 = h(fl,fg) eR
We suppose that h satisfies the following hypothesis:

Hypothesis 6 the mapping h is monotonous with respect to &o, i.e.:DD—Eh2 is
of fized sign on the considered domain 2.

Example: in the example detailed hereafter, ({1, £2) = S+ BP, and thus:

Dh
g, = @B (50)

which is of fixed sign. Of course, h can be nonlinear.

Proposition 1 Let A € IRP be a unitary constant vector (||A|| = 1), whose
signs are chosen such that sign(\) = sign(%), 0 is a positive scalar (which
can depend on time) and zi, = M&;y,. The following system:

dz . .
d—j = —D(2 — zin) — M ya — OX(h(y1,2 — Ay1) — y3) (51)

is an asymptotic observer of the reduced system (45).

For the proof of this property, and for more details, we invite the reader to
refer to [20].
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Example: we will consider a bacterial biomass (X) growing in a bioreac-
tor. The micro-organisms uptake the substrate S and metabolise a product
P:

S—X+ P

The associated model is then:

X =r(¢) - DX

L = —c1r(€) + D(Sin — S) (52)
‘fi—f = cor(¢) — DP

where S;,, is the influent substrate, ¢; and co are the yield coefficients.

We assume that the bacterial biomass and the conductivity of the so-
lution can be measured. The conductivity is related to a positive linear
combination of the ions in the liquid i.e. S and P. We have therefore:

n = X (53)
Y2 = (Oa 07 O)t (54)
Yys = asS + ,BP (55)

We suppose that the substrate concentration in the influent S;, is not pre-
cisely known, and we will use an estimate denoted S‘m

Thanks to Proposition 1 we can design the following observer (for sake
of clarity we choose A = [10] which satisfies the right hypotheses).

% = D(zA‘ml — 21) — 0(0&5 + ﬂp — y3)
2

&2 — Dz
£ s (56)
fon-p
P=23+4%

A

with ﬁml = Sm

let us show now the robustness properties when the estimate S;, is false.
If S* and P* represent equilibrium values of § and P, we denote S* and P*
the equilibrium values for the closed loop observer. If the observer is in open
loop (6 = 0), using S'm, a direct computation provides:

‘g* =5+ Slin — Stin (57)

The prediction error is thus exactly the error on Sy;,. With the closed loop
observer, the steady state is:

N D A
S* = §* + m(sh'n — Sun) (58)
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If the gain 6 is high, it is easy to see that S* ~ S§*: the bias is reduced by
the closed loop observer.

6 interval observers

The usual observers implicitly assume that the model is a good approx-
imation of the real system. Nevertheless, we have seen that a model of a
bioprocess is often poorly known. In this case, the observation principle must
be revisited: generally it will no more be possible to build an exact observer
(which would guaranty: |le(t)|| = ||Z(t) — z(¢)|]] — 0 when ¢ — o0) whose
convergence rate could be tuned (as for example an exponential observer).
Therefore, in this case the result must be weaken.

We present here a possible way (among others) consisting in bounding
the uncertainty on the model. The bound on the variable to be estimated is
deduced. To simplify, we will first present the linear (or close to linear) case
(see [21, 22]).

6.1 Principle

The idea is to use the known dynamical bounds of the uncertainties:
The dynamical bounds on the model uncertainties allow to derive (in the
good cases) the dynamical bounds on the state variable to be estimated.
Figure 4 summarises the philosophy of the interval estimation.

U_\/\ /)A(_

Figure 4: Principle of interval estimation for bounded uncertainties: a priori bounds on
the uncertainties U provide bounds on the non measured state X

Let us consider the general system:

- L) = f(z(t),u),w(t) ; x(to) =0 (59)
y(t) = h(z(t),v(t))
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where 2 € IR™ is the state vector y € IR? is the output vector, u € IR™ the
input vector, zg the initial condition at g, f : IR™ x IR™ x IR" — IR"™ and
h :IR" x R®* — IRP.

The unknown quantities w € IR" and v € IR® are characterised by their
upper and lower bounds:

Remark: the operator < applies to vectors, it corresponds to inequalities
between each component.

Based on the fixed model structure (Sp) and on the set of known variables,
a dynamical auxiliary system can be designed as follows:

7 —
% :f_(z_,z+,u,y,w_,w+,fu_,v+) ) Z_(t()):g_(l'a,xg)
) . o .
Oy d F I Tt T et ) = g )
0

xi = hi(zi’z_k’u’ y’ wi’w+"ui”u+)

\ $+ = h+(z_,z+,u,y,w_,w+,v_,v+)
(62)
with 27,27 € IRY, the other functions being defined in the appropriate

domains.

Definition 8 (interval estimator) System (Oy) is an interval estimator
of system (So) if for any pair of initial conditions T, < z{, there ezists
bounds z~ (ty), 27 (to) such that the coupled system (So, Og) verifies:

a”(t) <a(t) <zt (t) ; Vit (63)

The interval estimator comes from the coupling between two estimators pro-
viding each an under-estimate z~(t) and an over-estimate z*(t) of z(t),
The estimator provides a dynamical interval [z~ (¢) , z(¢)] containing the
unknown value z(t) (F1G. 4).

Of course, this interval can be very large and therefore useless. The next
step comnsists in trying to reduce as far as possible this interval and increase
the convergence rate toward this interval, for example with an exponential
convergence rate. Then, we move back to classical observation problems,
with the important difference that we don’t require the observation error
(the interval amplitude) to tend asymptotically ezactly toward zero
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6.2 The linear case up to an output injection

First, let us take a very simple case. We consider again the following system:

dz = x
() - {Jit()t) ~ Aal) - dltu) (64)

with A € M™"(R) (n > 2), C € M>*(IR). If the mapping ¢ : RT xR —
IR™ is known, a Luenberger observer can be designed (Section 3.1).

What happens now if function ¢ is badly known 7 We assume that
it can be bounded and that the bounds are known. Thus, the functions
¢ ,¢7 : IRt x R — IR", are known, sufficiently smooth, such that:

¢~ (ty) < dty) < o7 (Ly), Yy ERT xR (65)
Then we will use these bounds to design an upper and a lower estimator:
dz™
= () =Az7 (@) +¢7(t,y(1) + K(Ca™ (1) -y (1)) (66)
z—j (t) = Az~ (¢) + ¢~ (¢, y(t)) + K(Cz™ (t) —y(?))- (67)
Let us consider now the “upper” error e™(t) = z7(t) — z(t), we have:
de™

5 = (A+ KC)et + b7 (t)

with

b+(t) = ¢+(t’ y(t)) - ¢(ta y(t))
It follows that b™ is positive, and the following Lemma can be easily proven:
Lemma 2 If the elements of matriz (A + KC) are positive outside the di-

agonal (the matriz is said cooperative), then et (0) > 0 implies et (t) > 0 for
any positive t.

Of course, we have the same Lemma for the lower error: e~ (t) = z(t) —z~ (%)
and the total error e(t) = e~ (t) + e (t). The following theorems can be
deduced:

Theorem 5 If the gains of vector K can be chosen such that matriz (A +
KC) is cooperative, and if we have an initial estimate such that

7 (0) < z(0) < z7(0)

then equations (66),(67) provide an interval estimator for system (64).
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Theorem 6 If hypotheses of Theorem 5 are verified, if matriz (A+ KC) is
stable, and if moreover the error on ¢ can be bounded, i.e. if we have:

b(t) = ¢t (t,y) — ¢~ (t,y) < B

where B is a positive constant, then the error e(t) converges asymptotically
toward an interval smaller (for each component) than the positive vector:

emaz = —(A+KC)™'B

In particular, if the components of emar are zero, then the corresponding
components for e(t) converge toward zero.

The proofs are straightforward; the proof of the first theorem follows directly
from Lemma 2. The proof of the second theorem is due to the differential
inequality

(A+ KC)e+b(t) < (A+ KC)e+ B

which implies (with equal initial conditions)
e(t) <em(t), VEt>0

where e, (t) is the solution of d;_? =(A+ KC)en, + B.
Remarks:

e We use in the observer design the fundamental hypothesis that it is
possible to derive inequalities between the variables from inequalities
on the left hand side of the differential equations. This hypothesis is
connected with the comparison of the solutions of differential equations
(see appendix). There exists other techniques to estimate the intervals,
they are more precise but less explicit [23].

e We need also the assumption that the initial estimate is valid
2~(0) < 2(0) < z7(0);
a large estimate can be chosen in practice.

e The problem of the tuning of the convergence rate has not been con-
sidered here; is it possible to choose a gain K that will ensure coopera-
tivity, stability, and arbitrary convergence rate ? This is a complicated
problem, we invite the reader to consult [22] for more details.

We illustrate this approach with an example of such an estimator for a
biochemical process (see [24, 25]).
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7 Interval estimator for an activated sludge pro-
cess

We consider a very simplified model of an activated sludge process, used for
the biological wastewater treatment. The objective is to process a wastewa-
ter, with an influent flow rate @;, and a pollutant (substrate) concentration
Sin- We want that the concentration of the effluent is lower than s,,;. The
process is composed by an aerator (bioreactor) followed by a settler sep-
arating the liquid and solid (biomass) phases. Then we recycle a part of
the biomass toward the aerator. Let us denote z, s, and x, the three state
variables of this simple model, representing respectively the biomass and
substrate concentrations in the aerator, and the recycled biomass in the set-
tler. Qin, Qout, @r and @, are the flow rates, V, and V; the volumes (see
Figure 5). We suppose that the biological reactions only take place in the
aerator.
1wz

—s—=z
Y

Y is a yield coefficient, and u(.) the bacterial growth rate. If we take into
account the biomass recycling, we get:

S0 S aerator
X,S
’ settler  |ou S
Va \VA
N~
Qr y Xr QW 3 Xr‘
Figure 5: Diagram of an activated sludge process
(dx
5 = H0)z = (A +r)D(t)z +rD(t)z,
ds _ p()z
{ 2 — _ _ . 68
p % (1+7)D(t)s + D(t)sin(t) (68)
dx,
el v(1+7r)D(t)z —v(w + r)D(t)x,
with 0 0 0 v
D(t) = in L= T L w= w : _Ya
( ) Va Qm Qm Vs
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We state the following hypotheses:
- We measure only s and we want to estimate = and z,.

- We assume that u(.) is not known, and we want to design an asymptotic
observer (see section 5.3)

- We know a bounding (even very loose) of the initial conditions for z
and .

- The substrate input for s;, fluctuates but is not known. However we
know dynamical bounds for s;y(%):

s; () < sin(t) <st(t) Vt>0.

mn

These hypotheses correspond to what happens in a urban wastewater treat-
ment plant. The influent varies but is not measured. But it can be bounded
by two functions corresponding to human activities. These bounds will prob-
ably evolve with respect to seasons.

We will design an asymptotic interval estimator, which will provide
bounds for the variables to be estimated. First we perform a change of
variable to eliminate p(.) (cf. section 5.3):

Y 21 T
Jeoefz] nef] e

and we get the 2-dimensional system:

Z =X+

iz

2 =DW(AZ+Bs,0) i Z=

zo+Ysg
Tro
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We can now build two estimators (upper and lower) which use unknown
bounds on the influent concentration s;,:

( dz+ A Y

25 = D) (A ZT+ B¥(s,1)) 5 27(0) = X{ + S0

sz(t)(AZ—+B—(s,t)) L O =X+ | | s

dt 0
3 o (70)
=zt | Y |
0
\ X- =z — ’g s

st
with Bt (s,t) = l —v(zlnglf)r)s

Y ; B (st)= [ g

In this simple case, the convergence rate is fixed by the system. On
Figure 6, we have represented the influent concentration and its bounds, the
measurement s and the two estimates with the bounds. This very simple
observer illustrates how to take into account the knowledge on the dynamical
bounds.

Under additional hypotheses, it can be shown that this observer can be
tuned [24].

8 Conclusion

We have seen a set of methods to design an observer for a bioreactor. Other
techniques exist and we do not pretend to be exhaustive. Let us mention
for example the methods based on neural networks, where the system and
its observer are estimated at the same time. The convergence rate of the
obtained neural network can not be tuned.

The presented observers assumed that the model parameters were known.
In some cases these parameters can evolve. Algorithms to estimate the
parameters must then be used, they lead to adaptive observers. Of course in
that case, the convergence of the full system observer-parameter estimator
must be demonstrated.
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X (mgh) xr (maf)
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Figure 6: Interval observer. (a) Influent bounds, (b) Measurements of S, (c) interval
estimations of X, (d) interval estimations of X,

The choice of the type of observer to be found must be made above all
by considering the reliability of the model and of the available measure-
ments. A triple trade-off must then be managed between robustness with
respect to modelling uncertainties, robustness with respect to disturbances
and convergence rate.

Finally, to implement an observer in a computer, a discretising phase is
required. This step will be based on Euler type algorithms. This step is not
difficult, but it requires care. In particular, if the sampling rate is too high
for the discretisation rate, continuous/discrete observers must be used [26].

To conclude, we insist that the observers must first be validated before
they can be used. For this, there predictions must extensively be compared
to direct measurements that were not used during the calibration process.
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Appendix: a comparison theorem

We propose here a general theorem in the non linear case. It can be useful
to apply the interval estimation techniques. The reader is invited to consult
[35] for the details and for a general presentation.

Definition 9 A non linear system in dimension n is said to be cooperative
if its Jacobian matriz is positive outside its diagonal on a conver domain.

We propose now the comparison theorem between z(t) and y(t) defined by
the two systems

dzr

pril flz,t) ;5 z(0) ==z
dy _ . _
i g(y,t) 5 y(0)=wo

where f,g : U x Rt — IR" are sufficiently regular on a convex domain
U cCR"

Property 3 If
V2 eU, Vt 20, f(z1) < g(z1)

- g 18 cooperative
* Lo < Yo
then z(t) < y(t) fort >0

The inequalities must be considered for each element. It means that, for
a cooperative system the order between two solutions is conserved for any
time. This property is fundamental for the set up of interval estimators.



State Estimation for Bioprocesses 849

References

[1] T. Kailath, Linear Systems. London: Prentice-Hall, Inc., Englewood
Cliffs, N.J., 1980.

[2] D. G. Luenberger, Introduction to dynamic systems : theory, models
and applications. Wiley, 1979.

[3] G. Bastin and D. Dochain, On-line estimation and adaptive control of
bioreactors. Elsevier, 1990.

[4] T. Basar and P. Bernhard, H*-Optimal Control ans Related Minimaz

[10]

[11]

[12]

Design Problems : a Dynamic Game Approach. Boston: Birkhaser,
1991.

M. Darouach, M. Zasadzinski, and S. J. Xu, “Full-order observers for
linear systems with unknown inputs,” IEEE Trans. Automat. Contr.,
vol. AC-39, pp. 606-609, 1994.

P. Kudva, N. Viswanadham, and A. Ramakrishna, “Observers for linear
systems with unknown inputs,” IEEE Trans. Autom. Contr., vol. AC-
25, no. 1, pp. 113-115, 1980.

Edwards, Christopher and Spurgeon, Sarah K., “On the development of
discontinuous observers.,” Int. J. Control 59, No.5, 1211-1229 (1994).,
1994.

D. Luenberger, “Observers for multivariable systems,” IEEE Trans. Au-
tom. Contr., vol. 11, pp. 190-197, 1966.

S. Beale and B. Shafai, “Robust control system design with a propor-
tional integral observer,” Int. J. Contr., vol. 50, no. 1, pp. 97-111, 1989.

Anderson, Brian D.O. and Moore, John B., Optimal control. Linear
quadratic methods. Prentice Hall, Englewood Cliffs, NJ, 1990.

J. Gauthier and G. Bornard, “Observability for any u(t) of a class of
nonlinear systems,” IEEE Trans. Autom. Conir., vol. 26, no. 4, pp. 922—
926, 1981.

J. P. Gauthier, H. Hammouri, and S. Othman, “A simple observer for
nonlinear systems applications to bioreactors,” IEEE Trans. Autom.
Contr., vol. 37, pp. 875-880, 1992.



850

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

O. Bernard and J-L. Gouzé

F. Deza, E. Busvelle, J. Gauthier, and D. Rakotopara, “High gain es-
timation for nonlinear systems,” System and control letters, vol. 18,
pPp- 292-299, 1992.

R. Dugdale, “Nutrient limitation in the sea: dynamics, identification
and significance,” Limnol. Oceanogr., vol. 12, pp. 685-695, 1967.

M. Droop, “Vitamin B12 and marine ecology. IV. the kinetics of uptake
growth and inhibition in Monochrysis lutheri,” J. Mar. Biol. Assoc.,
vol. 48, no. 3, pp. 689-733, 1968.

O. Bernard, G. Sallet, and A. Sciandra, “Nonlinear observers for a class
of biological systems. Application to validation of a phytoplanktonic
growth model,” IEEFE Trans. Autom. Contr., vol. 43, pp. 1056-1065,
1998.

O. Bernard, G. Sallet, and A. Sciandra, “Use of nonlinear software
sensors to monitor the internal state of a culture of microalgae,” in
Proceedings of the IFAC World Congress, vol. L, pp. 145-150, Beijing,
China, 1999.

M. Hou and P. Mller, “Design of observers for linear systems with un-
known inputs,” IEEE Trans. Autom. Contr., vol. AC-37, no. 6, pp. 871-
875, 1991.

O. Bernard, G. Bastin, C. Stentelaire, .. Lesage-Meessen, and M. As-
ther, “Mass balance modelling of vanillin production from vanillic acid

by cultures of the fungus pycnoporus cinnabarinus in bioreactors,”
Biotech. Bioeng, pp. 558-571, 1999.

O. Bernard, J.-L. Gouz, and Z. Hadj-Sadok, “Observers for the biotech-
nological processes with unknown kinetics. application to wastewater
treatment,” in Proceedings of CDC 2000, Sydney, Australia, 2000.

J. L. Gouzé, A. Rapaport, and Z. Hadj-Sadok, “Interval observers for
uncertain biological systems,” Ecological modelling, vol. 133, pp. 45-56,
2000.

A. Rapaport and J. Gouz, “Practical observers for uncertain affine
outputs injection systems,” in Proceedings of ECC99 (CDROM), Karl-
sruhe, Germany, 1999.



[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

State Estimation for Bioprocesses 851

M. Kieffer, Estimation ensembliste par analyse par intervalles : applica-
tion a la localisation d’un véhicule. PhD thesis, Université de Paris-Sud,
1999.

M. Z. Hadj-Sadok and J. L. Gouzé, “Bounds estimation for uncertain
models of wastewater treatment,” IEEE International Conf. on Control
and Applications, Trieste, Italy, pp. 336-340, 1998.

V. Alcaraz-Gonzalez, A. Genovesi, J. Harmand, A. Gonzalez, A. Ra-
paport, and J.-P. Steyer, “Robust exponential nonlinear observers for
a class of lumped models useful in chemical and biochemical engineer-
ing - Application to a wastewater treatment,” International Workshop
on Application of Interval Analysis to Systems and Control, Girona,
Espagne, pp- 225-235, 1999.

M. Pengov, Application des observateurs non-linéaires a la commande
des bioprocédés. PhD thesis, Université de Metz, 1998.

K. Busawon, A. ElAssoudi, and H. Hammouri, “Dynamical output feed-
back stabilization od a clas of nonlinear systems,” in 32th CDC San
Antonio, pp. 1966—-1971, 1993.

F. Deza, E. Busvelle, J. Gauthier, and D. Rakotopara, “Exponential-
lyconverging observers for distillation columns,” Chemical Enginering
Science, vol. 47, no. 4, pp. 3935-3941, 1992.

D. Burmaster, “The unsteady continuous culture of phosphate-limited
Monochrysis lutheri Droop: experimental and theoritical analysis,” J.
Ezp. Mar. Biol. Ecol., vol. 39, no. 2, pp. 167-186, 1979.

F. Deza, D. Bossanne, E. Busvelle, J. Gauthier, and D. Rakotopara,
“Exponential observers for nonlinear systems,” IEEE trans. autom.
contr., vol. 38, no. 3, pp- 482-484, 1993.

M. Darouach, “On the novel approach to the design of the unknown
input observers,” IEEE Trans. Autom. Cont., vol. 39, no. 3, pp. 698-
699, 1994.

M. Darouach, M. Zasadzinski, and S.-J. Xu, “Full-order observers for
linear systems with unknown inputs,” IEEE Trans. Autom. Cont.,
vol. 39, no. 3, pp. 1068-1072, 1994.



852

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

O. Bernard and J-L. Gouzé

M. Darouach, M. Zasadzinski, and M. Hayar, “Reduced-order observer
design for descriptor systems with unknown inputs,” IEEE Trans. Au-
tom. Cont., vol. 41, no. 7, pp. 1068-1072, 1996.

J. Gauthier and I. A. K. Kupka, “Observability and observers for non-
linear systems.,” SIAM J. Control and Optimization, vol. 32, no. 4,
pp- 975-994, 1994.

H. L. Smith, Monotone Dynamical Dystems: an Introduction to the
Theory of Competitive and Cooperative Systems. Providence, Rhode
Island: American Mathematical Society, 1995.

D’Andrea-Novel, Brigitte and Cohen de Lara, Michel, Commande lin-
eaire des systemes dynamiques. (Linear control of dynamic systems).
Paris: Masson, 1994.

Fossard, A.J.(ed.) and Normand-Cyrot, D.(ed.) and Mouyon, Ph.(ed.),
Systemes non lineaires. 1. Modélisation - Estimation. Paris: Masson,

1993.

J. Andrews, “A mathematical model for the continuous culture of mi-
croorganisms utilizing inhibitory substrate,” Biotechnol. & Bioeng.,
vol. 10, pp. 707-723, 1968.

R. Bajpai and M. Reuf}; “Evaluation of feeding strategies in carbon-
regulated secondary metabolite production through mathematical mod-
elling,” Biotechnol. & Bioeng., vol. 23, pp. 717-738, 1981.

J. E. Bailey and D. F. Ollis, Biochemical engineering fundamentals.
McGraw-Hill, 1986.

O. Bernard, Z. Hadj-Sadok, D. Dochain, A. Genovesi, and J.-P. Steyer,
“Dynamical model development and parameter identification for an
anaerobic wastewater treatment process,” Biotech.Bioeng., to appear.

O. Bernard and J. Gouzé, “Transient behavior of biological loop mod-
els with application to the droop model,” Mathematical Biosciences,
vol. 127, pp. 19-43, 1995.

L. Chen, O. Bernard, G. Bastin, and P. Angelov, “Hybrid modelling of
biotechnological processes using neural networks,” Contr. Eng. Prcatice,
vol. 8, pp- 821-827, 2000.



[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

State Estimation for Bioprocesses 853

D. Dochain, On line parameter estimation, adaptive state estimation
and control of fermentation processes. PhD thesis, Universit Catholique
de Louvain-la-Neuve, Belgique, 1986.

J. Hertz, A. Krogh, and R. Palmer, Introduction to the Theory of Neural
Computation. Addison-Wesley, 1991.

R. Horn and C. Johson, Matriz analysis. Cambridge Univesity Press,
1992.

H. Khalil, Nonlinear Systems. Macmillan Publishing Company, 1996.

A. Karama, O. Bernard, A. Genovesi, D. Dochain, A. Benhammou,
and J.-P. Steyer, “Hybrid modelling of anaerobic wastewater treatment
processes,” Wat. Sci. Technol., vol. 43, no. 1, pp. 43-50, 2001.

J. Lee and D. Meyrick, “Gas-liquid interfacial areas in salt solutions in
an agitated tank,” Trans. Instn. Chem. Engrs., vol. 48, pp. T37-T45,
1970.

H. Lim, Y. Tayeb, J. Modak, and P. Bonte, “Computational algorithms
for optimal feed rates for a class of fed-batch fermentation: numerical

results for penicillin and cell mass production,” Biotechnol. & Bioeng.,
vol. 28, pp. 1408-1420, 1986.

B. Li, “Global asymptotic behavior of the chemostat: General response
functions and different removal rates,” SIAM Journal, vol. 59, 1998.

J. Merchuk, “Further considerations on the enhancement factor for oxy-
gen absorption into fermentation broth,” Biotechnol. & Bioeng., vol. 19,
pp. 1885-1889, 1977.

J. Monod, Recherches sur la croissance des cultures bactriennes. Paris,
France: Hermes, 1942.

A. Schumpe, “Gas solubilities in biomedia,” Advances in Biochemical
Engineering/Biotechnology, vol. 2, pp. 159-170, 1985.

H. Smith and P. Waltman, The theory of the chemostat: dynamics of
microbial competition. Cambridge University Press, 1995.



854

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

O. Bernard and J-L. Gouzé

K.-W. Wang, B. Baltzis, and G. Lewandowski, “Kinetics of phenol
biodegradation in the presence of glucose,” Biotechnol. & Bioeng.,
vol. 51, pp. 87-94, 1996.

E. Sacks, “A dynamic systems perspective on qualitative simulation,”
Artif. Intell., vol. 42, pp. 349-362, 1990.

O. Bernard and J.-L. Gouzé, “Transient behavior of biological loop mod-
els, with application to the Droop model,” Mathematical Biosciences,
vol. 127, no. 1, pp. 19-43, 1995.

R. M. Nisbet and W. S. C. Gurney, Modelling fluctuating populations.
Wiley, 1982.

R. Thomas, “On the relation between the logical structure of systems
and their ability to generate multiple steady states or sustained os-
cillations,” in Numerical methods in the study of critical phenomena
(J. Della-Dora, J. Demongeot, and B. Lacolle, eds.), vol. 9 of Springer
Series in Synergetics, pp. 180-193, Springer-Verlag, 1981.

A. Pavé, Modélisation en biologie et en écologie. Lyon: Aléas, 1994.

C. Jeffries, “Qualitative stability of certain nonlinear systems,” Linear
Algebra and its Applications, vol. 75, pp. 133-144, 1986.

L. A. Segel, Modeling Dynamic Phenomena in Molecular and Cellular
Biology. Cambridge: Cambridge University Press, 1984.

J. Monod, Recherches sur la Croissance des Cultures Bactériennes.
Paris: Hermann, 1942.

L. Edelstein, Mathematical Models in Biology. New York: Random
House, 1988.

S. R. Hansen and S. P. Hubbell, “Single-nutrient microbial competi-
tion,” Science, vol. 207, no. 28, pp. 1491-1493, 1980.

J.-L. Gouzé, “Positivity, space scale, and convergence towards the equi-
librium,” Journal of Biological Systems, vol. 3, no. 2, pp. 613-620, 1995.

J.-L. Gouzé, “Positive and negative circuits in dynamical systems,”
Journal Biol. Syst., vol. 6, no. 1, pp. 11-15, 1998.



State Estimation for Bioprocesses 855

[69] E. Walter and L. Pronzato, Identification de modéles paramétriques.
Masson, 1994.

[70] L. Chen, O. Bernard, G. Bastin, and P. Angelov, “Hybrid modelling of
biotechnological processes using neural networks,” Contr. Eng. Preatice,
vol. 8, pp- 821-827, 2000.








