Copyright © 2002 IFAC
15th Triennial World Congress, Barcelona, Spain

NON-LINEAR OBSERVER FOR BIOPROCESSES
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Abstract

In this paper a new non-linear observer is designed for on-line estimation of the
broth composition in the bioreactors. The design is based on asymptotic observer.
An additional correction is done to asymptotic estimation, taking into account the
structure of the reaction rate equations. Two examples of biotechnological processes
are used to show the performance of the proposed observer.
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1. INTRODUCTION

Because of the lack of reliable and cheap sensors,
the observers for state variables estimation are
used in the on-line measurement of broth com-
position in bioreactors. Some studies have been
reported in the literature in which different ap-
proaches had been considered (Stephanopoulos
and San, 1984; Staniskis and Simutis, 1986; Farza
et al., 1998; Lombardi et al., 1999; Gudi et al.,
1997; Keesman, 2000).

Asymptotic observer (Bastin and Dochain, 1990)
is a special algorithm, because it is not depend-
ing on the reaction rates. A consequence is that
the convergence speed of the estimation is com-
pletely determined by the experimental condition,
through the value of the dilution rate. This feature
restricts the application of this approach to fed-
batch processes, due to dilution rate decreases as
the volume rises. Besides, low inlet flow is used for
these processes, because the volume is limited to
the vessel of the bioreactor.

In practice, the information about the reaction
kinetics is usually available, thus a priori knowl-
edge can be used to improve the behaviour of
the asymptotic observers. In this paper, a new
non-linear observer for bioreactor processes is pre-

sented, which takes into account the reaction rate
equations.

The paper is structured as follows. The section
2 introduce the asymptotic observers and basic
notations. In the section 3 the new observer is de-
scribed, and some aspects about the convergence
are pointed out. Two case studies are presented in
the section 4. Finally, section 5 states the conclu-
sions derived from this work.

2. ASYMPTOTIC OBSERVER

In (Bastin and Dochain, 1990), a universal model
for bioreactor dynamics in terms of reaction rates
is expressed by:

£ =K¥(¢) — DE + D¢ (1)

where:

e (: component concentrations in the bioreac-
tor (state variables).

o Knyn: yield coefficient matrix. The value
ki ; is the yield coefficient of the component
i in the reaction j. If the component is
reactant, then the coefficient is negative and



if the component is a product the coefficient
is positive. N is the number of components
and M is the number of reactions.

o ®(&)arx1: Vector of the reaction rates. The
component ®; is the rate of the reaction j.

e ¢;: inlet component concentrations.

e D = F/V, dilution rate, F inlet flow rate, V
volume.

The asymptotic observer design is based on the
sequel property of the model 1:

If p = rank(K), then equation 1 can be decoupled
in two subsystems:

f:a = Kaq)(faafb) —-D-& + Dfia
& = Ky®(&a, &) — D - & + D&,

where K, is a full rank submatrix of K; K
holds the remaining coefficients of K, and the
vector variables are induced by the decomposition.
Then, a transformation can be defined by

(2)

Z = Aok +& (3)

where Ag(pr)xp is the solution of the matrix
equation:

AK,+Ky=0 = Ag=-K,K,' (4

and the model 1 is equivalent to

é:a :Kaé(fayfb) _D£G+D€ia (5)
Z =-DZ + Ao(D&;,) + (D&iy)

It can be noted that the dynamics of Z are
independent of the reaction rates ®. This allows
the construction of the asymptotic observer.

If the number of measured variables &; is enough
q = dim(&) > p, Z can be obtained as a linear
combination of the measured and unmeasured
variables:

7 = Alfl + Agfg (6)

Then, the unmeasured variables & can be ob-
served asymptotically by

? =-DZ+ Ao(D&i,) + (D&iy) (7)
b, = A~ (Z - A1&)
The asymptotic observer can be used if A, is in-

vertible. It can be proved that the error dynamics
are driven by

= _DeA (8)

Equation 8 shows that the observer converges
asymptotically if D > 0.

A

3. NEW NON-LINEAR OBSERVER FOR THE
BIOPROCESSES

In the asymptotic observer, no information about
the reaction rates is used. This guarantees conver-
gence, but the speed depends on D, that is small
usually. The information about the reaction rates
can be used if an additional term is added to the
equation of the asymptotic estimation. Suppose
that &, is the subset of the components of &
that appears explicitly in the reaction rate equa-
tions, then a further correction can be done to the
asymptotic estimations of £, as follows.

zz = zzA +7(& — &) 9)
where &, , is the asymptotic estimation by 7; v is
a design matrix; §; is the measured variable and

&1 is an estimation of the measured variable by
the following equation

& = K1®(&1,&,) — Dé + D&, (10)

where K holds rows of K corresponding with &;.

3.1 Convergence analysis
The estimation error is
6222_52222_52,,_7(51—51) (11)
=€, — (€1 —&1)

where e, is the error of the asymptotic observer.

If equation 11 is derived

e=é, & - &) (12)

Using 8, 10 and 12

é=-De,~D@-&)-
K (2(6,8) — 2(6,8))  (13)

¢ = =De— K (2(6,8) - 8(&,&)) (14

Assuming that the functions in ®(¢;,&,) are con-

tinuously differentiable with respect to &,, by the
mean value theorem,

(6,8) - 0(6,6) = ¥(6.8) (& - &) (15)

for some Ez* which lie between the segment with

end points &, and &,, where



\IJ(flaEQ*) dé.
2

(16)

(51 ’EQ *)
Then

¢ == (DI+9Kw(€.EN) e (17)

In the case of the asymptotic observer, the con-
vergence rate is only determined by the dilution
rate, equation 8. However, in 17 there is an extra
term that allows a higher convergence rate if ~
is properly designed. This term is related to the
reaction kinetics as will be shown in the case
studies.

3.1.1. y selection
It’s clear that

lim (6.5, - 28

(18)
52—>E2 d€2

(€1.€2)

So if % is nonsingular, then the design

2
matrix can be selected as

d® (fl ) 52) >
= F _—
K ( d,

-1
K (19)
(£1722)

If IC satisfies: KK7 = I; then using equation 19 in
equation 17

DI + K ¥(¢,8,")

d«b(@&;)) -

dé-g @(61162 )

=DI+T <
(61722)

(20)

taking limits like in 18

DI +~vK ¥(&,8,) = DI+T (21)

Therefore it’s proved that if T' is selected in
suitable form, then the observer has an attractor

region in the vicinity of &, = &, for this ~.

4. CASE STUDIES

Two computer simulation examples of biotecno-
logical processes are presented in this section to
illustrate the performance of the observer. The
proposed and asymptotic observers are compared
in these applications. Low values of the dilution
rate are considered in order to check the properties
of both algorithms under critical condition for the
convergence for the asymptotic observer.

4.1 Case 1. Simple microbial growth process.

This is the simplest biological process, involving
growth of micro-organisms on a simple limiting
substrate. The dynamic model of the concentra-
tions of the components is:

i) =] e e | ] 2

where z is the concentration of the micro-
organisms and s is the substrate concentration.
The reaction kinetic is assumed to be described
by Monod 1aw; fiy,4. is the maximum growth rate
and k is the Michaelis-Menten constant.

If the biomass concentration is measured, then an
asymptotic observer for substrate estimation can
be used:

= —Dz+ Ds;

o=z—kiz (23)

i
3
The difference ®(&1, &) — (€1, &) in this case is

HmazTK

(@, 5)=®(,$) = ((n +5)(m+ )

) G=9) 21

so, the dynamic equation of the estimation error
is as follows

. Hmaz Tk
=—|\D+y———— 25
¢ < ’y(n+s)(ﬁ+s)> (25)
For convergence
Pmaz Tk
D+y——m>F"— ] >0 26
(P4t 20

Therefore, a sufficient condition is v > 0.

The estimation error for different values of the
parameter 7 are presented in the figure 1. Higher
convergence rates are attained as «y rises. If y =0
the behaviour of the new observer is like that of
the asymptotic observer.

For the comparative study the following condi-
tions were considered. The inlet flow was a ramp
function with slope 0.001 g/I='h~!, and the dura-
tion of the experiment was 100 h. Therefore, the
maximal dilution rate was 0.007 h~!. The inlet
flow substrate concentration was 80 gl . Model
parameters: Umq: = 0.22; k = 0.14; k; = 1.43.
The behaviours of the observers are compared in
the figures 2 and 3. It can be seen that the new
observer converge more quickly than asymptotic
one if v > 0.
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Figure 1. Estimation errors for different values of
v; dotted line: asymptotic observer; dashed
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Figure 3. Estimation error; dotted line: asymp-
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where: x7: acidogenic bacteria concentration; zo:
acetoclastic methanogenic bacteria concentration;
s1: glucose concentration; so: acetate concentra-
tion. Furthermore, Monod law is considered for

both reactions.
Suppose that there are measurements available for

z1 and s». This is not a realistic assumption for
x1, but this situation is considered here in order
to show the capability of the new observer on the
estimation of substrate and biomass concentra-
tions. The states s; and x5 can be asymptotically
estimated by means of the following algorithm

2 =el]+oly]

51=21 —kiz
. 2o + k3z1 — 52
Ty =

k2

o (28)

Zz2

D [
(29)

Since both z; and s, appears in the reaction rate

Figure 2. Estimation of the substrate concentra-
tion. Solid line: actual substrate concentra-

tion; dotted line: asymptotic observer; dashed
line: new observer.

4.2 Case II. Anaerobic digestion process

equations (£, = &), it’s possible to make a further
correction for their asymptotic estimation. The
tuning parameter «y is selected according to the

section 3.1.1.
For this application

Anaerobic digestion is a process for the biolog-
ical treatment for organic wastes. Real process
consists of nine components and four reactions.
Under some assumptions the model is reduced to
four components and two reactions. For details see 1 - r o
omp _ K, = cl =Kk=K"=|_ | (30
(Bastin and Dochain, 1990). The reduced model ks —ko 2
is
and
3'1 —k1 0 81 814 -1
: pmas1syel d® (g +op)” 0
xy — 1 0 K1+s1 -D xq + 0 R — Hmazq 2181 (31)
ks —ka | | tmazpezes sl |o dé 0
0 1 s 0
(27) Then

:E.Q



(r1+s1)2 0
HmazqT1R1 (32)
k3 _rotso _ 1 _rotso
ko pmazg 52 k2 pmazgs2

y=T

(z1,52,51)

In this case, as in case I, is possible to obtain ¥(-)
by direct factorization of the difference

D1, &) — (61, 6) =

0 Kmaz 252 To—To
ro+so

It’s easy to prove that the dynamic equations of
the estimation errors are

5 _ (r1+s1)2
[651} = { (D+F14<~1+sl)<~1+§1))

o2 0 —(D+4T2) J
(34)
where
631 = S1 — §1 (35)
€xy = T2 — .’%2 (36)

and Ty, T's are the diagonal coefficients in T.
Therefore, a sufficient conditions for convergence
are: 'y > 0 and I'; > 0.

For the comparative study with asymptotic ob-
server the following conditions were considered.
The inlet flow was a ramp function with slope
0.003 g/l=*h™!, and the duration of the experi-
ment was 50 h. Therefore, the maximal dilution
rate was 0.04 h=!. The inlet flow glucose concen-
tration was 5 gl—!. Model parameters: fimqz, =
0.24; k1 = 0.15; fmaz, = 0.5; Ko = 0.3; k1 =
3.2; ky = 28.3; k3 = 5.7. The behaviours of the
observers are compared in the figures 4 and 5 for
different values of I'y y I's.

High values of 'y and I's lead to faster conver-
gence. Transient oscillations appears in the z»
estimation for large values in T's.

Some perturbations had been considered on the
model in order to show the robustness of the pro-
posed observer: white noise with Var(w) = 0.001
was added to the state equation. Because of the
modeling errors, the asymptotic observer doesn’t
work properly for the estimation of glucose. For
low values on I'y the performance of new observer
is like that for asymptotic one. The results are
better as I'y rise, figures 6 and 7.

On the other hand, high values in IT" increase the
estimation error variance when noises are pre-
sented, figures 8 and 9. Therefore, both modeling
errors and noises must be considered for I' selec-
tion.
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Figure 4. The estimation errors of the glucose con-
centration for different values of I'y; dotted
line: asymptotic observer; dashed line: new
observer.
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Figure 5. The estimation errors of the acetoclastic
methanogenic bacteria concentration for dif-
ferent values of I's; dotted line: asymptotic
observer; dashed line: new observer.

5. CONCLUSIONS

In this paper, new non-linear observer is proposed
for the on-line measurement in the bioreactors.
The asymptotic approach is used in the design
of the new non-linear observer. An additional
correction is done by taking into account the
error between actual and estimated outputs by
the model.

Two simulation experiments were carried out for
validation. The best performance of the pro-
posed observer is noted from comparison with the
asymptotic one. The proposed observer is shown
to be robust with regard to modeling errors and
noise.
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Figure 6. The estimation errors of the glucose
concentration by asymptotic observer and
new observer dealing with modeling errors.
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Figure 7. The estimation error of the glucose
concentration by new observer dealing with
modeling errors.
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