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Abstract

Previous investigators have demonstrated the theory and applications of macroscopic el-
emental and material balances to the estimation of bioreactor states. However most previous
applications have been limited to processes which have only one growth phase. An expert sys-
tems knowledge base is presented which is used to extend this empirical estimation technique
to processes which have multiple phases (e.g. a lag phase, a growth phase, and a production

phase). This approach is illustrated by a simple example from the literature.

Introduction

The benefits of monitoring process variables have been well documented, and these bene-
fits are realized because of quality control, process control, and/or research and development
projects. Industrially this monitoring is generally implemented by measuring the desired pro-
cess variables. For bioreactors these measurements are often expensive and time consuming.
Thus there are incentives to estimate some of these variables; these incentives are to provide
a control system with more timely information and to lower analysis costs while maintaining
desired quality levels.

In the area of on-line estimation of bioreactors, many previous investigations can be
classified into three groupings:

e state and parameter estimation based on detailed structured models (e.g. Svrcek et al.

(1974), Staniskis and Levisauskas (1984) )

e parameter estimation based on discrete input-output models (e.g. Lundell (1982), Rolf
and Lim (1985), Harmon et al. (1984) )
e empirical state estimation based on simple models (e.g. Cooney et al. (1977), Wang et
al. (1977), Mou and Cooney (1983), Stephanopoulos and San (1984) )
Because of a lack of reliable general structured models and of the large measurement require-
ments to estimate the numerous variables, the state and parameter estimation problem will not
be addressed. Furthermore because the discrete input-output models are limited to process
control systems, they will not be considered here. The authors feel that the simpler mod-

els yield the greatest information relative to the effort expended therefore have the greatest
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potential for industrial control applications.

Background
Most previous empirical state estimation has been based on elemental balances and quasi-

steady state gas material balances. For example, one postulates a chemical reaction of the

form:
a carbonsource + b Oz + ¢ nitrogensource — biomass + e HO + f CO,

and then solves for these stoichiometric coefficients on-line by using the component empirical
formulas, the four elemental balances, and the measurements of the carbon dioxide evolution
rate and the oxygen uptake rate. This approach has been demonstrated by Wang et al. (1977)
for the production of bakers yeast, by Ziegler and Humphrey (1979) for the production of
single cell protein from ethanol, and by Stephanopoulos and San (1984) for the fed-batch
production of ethanol from yeast. In each of these examples, the estimates agreed well with
analytical measurements of biomass, substrate, and product (when applicable) concentrations
during a specified phase (e.g. exponential growth) of the fermentation. Herein lies one problem
limiting the extension of this approach to processes that have multiple phases (e.g. a lag phase,
a growth phase, and a product phase). It is proposed that an expert systems approach can

resolve this problem.

Expert’'s Knowledge Base

Experts have analyzed and modeled entire microbial processes; however, the success in
modeling a complete general microbial process has been quite limited. More often experts
resort to analyzing specific phases of a particular fermentation. Over the years, a number of
serial phases have been identified, for example:

- lag phase upon innoculation
- lag phase between growth on multiple substrates
- lag phase between growth phase and production phase

- growth phase on a simple single substrate
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- growth phase on a single inhibiting substrate
- growth phase on a single substrate and a competitive inhibitor
. growth phase on a single substrate and an uncompetitive inhibitor
. growth phase on a single substrate and a noncompetitive inhibitor
- stationary phase
- death phase
Other phases have been classified which may be in parallel with a growth phase:
- production phase of a growth associated product
- production phase of a nongrowth associated product
- production phase of an inducible product
- production phase of a product subject to feedback inhibition
- production phase of a product subject to feedback repression
- production phase of a product subject to catabolite inhibition
- production phase of a product subject to catabolite repression

Traditionally experts have analyzed microbial processes by considering which of the phases
apply to their particular application. Consequently an expert approach is proposed in which
one identifies the phases that apply to a given process, and applies previously published em-
pirical estimation procedures to each phase independently. Unfortunately this implies that
every different fermentation may require a unique set of estimators; however, because the bulk
of the development effort is in the development of an estimator and because current software
allows easy editing of production rules, this is seen as a minor inconvenience.

As this methodology is an on-line procedure, one must ad'dress the question of when to
switch from one phase to another. Again the experts have identified this switch by some
relatively easy measurements, for example:

+ significant change in respiratory quotient, RQ
- significant change in carbon dioxide evolution rate, Rco,
- significant change in dissolved oxygen

- significant change in pH



- addition of an inducer
Unfortunately this measurement set is not nearly as exhaustive as the set of possible phases,
hence more expensive and time consuming off-line measurements and/or estimated measure-
ments may also be required to identify the phase switches. A simple example is used to

illustrate this approach.

Example: Batch Growth of Saccharomyces cerevisiae on Glucose

Consider the batch growth of Saccharomyces cerevisiae on glucose as presented by Mor

(1969) and shown in Figure 1. One can see that there are four distinct phases during this

batch:

[y

. lag phase (0 < t < 2 hours)

2. growth on glucose (glycolysis) (2 < ¢t < 10 hours)
3. growth on ethanol (respiration) (10 < ¢t < 19 hours)
4. stationary phase (19 < ¢ hours)

Blindly applying the previous empirical approach yields the following chemical reaction:
a CoH1206 + d C2HZOH + b Oy + ¢ NHg —

CH;.6660051Notes + ¢ H,O + f CO, + g C,HsOH

However these coefficients cannot be identified because the system of equations is singular (d
and g are not independent). Previous investigators have solved this problem by considering
only the glycolysis phase for which d equals zero.

The phases which apply to this example can be verbalized as a set of production rules as
follows:

If ( lag phase ) then

do not estimate states - assume states are constant
Else if ( glycolysis ) then

estimate states based on the reaction:



a CeH1206 + b Oz + ¢ NHy — CH;g660051No1es + € HO + f CO; +

g CszoH

Else if ( respiration ) then

estimate states based on the reaction:
a' CoHzOH + b O; + ¢! NHy — CHy.66600.51No.ies + ¢ H20 + f' CO,

Else if ( stationary phase ) then
stop estimation - assume states are constant
End
An important assumption is that the empirical biomass composition is independent of
the substrate. Stephanopoulos and San (1984) demonstrated that this composition is a weak
function of specific growth rate for S. cerevisiae, so the assumption appears plausible.
Fortunately, off-gas composition measurements, Figure 2, allow one to discriminate be-
tween each of these phases. However the use of off-gas analysis to discriminate between respi-
ration phase and stationary phase is difficult as the measurement noise becomes quite large.
Better results are obtained when one uses an estimated measurement for this discrimination.
Thus the production rules for this example become:
If ( Rco, is decreasing AND the process is starting ) then
lag phase
Else if ( RQ is “high” ) then
glycolysis phase
Else if ( RQ is “low” ) then
respiration phase
Else if ( estimated [ethanol] = 0 ) then
stationary phase

End



Mathematical Formulation of S. cerevisiae Estimation Problem

Glycolysis Phase
Measurement Development
The basis of the empirical approach is a chemical reaction:
a CH;O + b O; + ¢ NHy — CH; 6660051 Noies + ¢ H2O + f CO, +
g CoHsOH

and the associated elemental balances:
a= 1 4+ [ + 2¢

2¢ 4+ 3c= 1666 + 2 + 6g

a + 2b= 051 + e + 2f + ¢

c= 0.168
Further one can use the following quasi-steady-state balances:
1 Mo 1 Mco 1
R, = =R -2 = 4 —=~3 -
@ b 2% 1000 f Eoos 000 ; Fove,
RQ = Beon
Ro,
Combining these six equations yields the following on-line solution for the stoichiometric
coefficients:
b = 0.168 Ro, Mo,
""" Rnn, 1000
R
f = 0.168 =22 Mco,
Rnpg, 1000
g = f — b — 00355
¢ = 0.168
a =1+ f + 2

e = 0419 + f — ¢
Thus the measurements for the estimator become:

1 Mo,
R. = 3 Fo: 1500
0.8061
Ygluc = a
0.5254
Yeion = p



Process Model

The process model is assumed to follow the presentation of Stephanopoulos and San

(1984):
I = uz
_ -1
&= Yyluc o
1
P = Yaon *”

g = C + w

C = wy
Ygluc = w2
Yeion = ws

Respiration Phase

In a similar fashion, the equations for respiration phase follow the development of those for
glycolysis phase.

Measurement Development

Chemical Reaction:
d C;HsOH + bV O, + ¢ NHs — CHye660051No1es + ¢ H:O0 + f' CO,

Elemental Balances:
2/=1 + [

6a’ + 3c'= 1666 + 2¢

a + 2= 051 + ¢ + 2f

¢ = 0.168
Gas material balances:
_ 1 Mo, _ 1 Mco,
R: = g Ro: 1500 = 7 Eco: 000
Rco
RQ = 2
Ro,
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Combining these five equations yields the following on-line solution for the stoichiometric

coefficients:
y _ 08355
~ 1 — RQ
;' = ¥ERQ
¢ = 0.168

d =1 - f

3]
"

' 0919 — 0.5 f

Thus the measurements for the estimator become:

_ 1 Mo,
R = 5 Fos o0
0.5254
Yeion = -
a
Process Model
T = puz
-1
§é = z
Yeion
= C 4+ w
é = w
YEtOH = w2

Optimal Estimation Procedure

Each set of states are estimated with a discrete extended Kalman filter (Jazwinski, 1970) as
discussed by Stephanopoulos and San (1984); time varying forgetting factors (Ydstie, 1985) are
included also. This estimator is not sensitive to reasonable deviations in the initial conditions

or to reasonable white noise added to the estimator measurements.

Results of Estimation

The results of the estimation are compared with literature data in Figure 3, and the
results are quite satisfactory. The statistics of this fit follow.

Glycolysis state residuals:
biomass mean = -0.057 g/1 o= 0.034 g/l

glucose mean = -0.181 g/l o= 0.128 g/l
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ethanol mean = 0.082 g/] o = 0.094 g/l
Respiration state residuals:
biomass mean = -0.095 g/l o = 0.280 g/l
ethanol mean = -0.004 g/l o =0.221g/l
These residual means are well within experimental accuracy; for example, the glucose estimate
is the least accurate because it is being compared with the least accurate experiment data.
By closely examining Figure 3, one can see a feature that may bother some, namely
that the estimates are discontinuous. Admittedly this is not reasonable for many microbial
processes; however, it seems like a reasonable price to pay for the increased flexibility allowed
by this approach. Nevertheless, one must be careful when studying states that are not being
updated (e.g. biomass in stationary phase and glucose in respiration phase); the state estimates
appear to be biased when in fact the estimates are being linearly extrapolated. As in any

situation, one must be careful with extrapolations.

Conclusions

An expert systems approach is presented which allows the extension of the principle of
estimating bioreactor process variables through the use of macroscopic elemental and material
balances to multi-phase processes. This approach is illustrated through a simple literature
example. Although the limitations of estimating based on simple models remain in that
only a relatively small number of states can be estimated without significantly increasing the
measurement requirements, the potential applications of this approach are numerous as many
industrial processes are multi-phase. The relative simplicity, process flexibility, and ease of
extension of this approach continue to make simple estimation models promising for industrial

control applications.



Figure 1 — Saccharomyces cerevisiae from glucose (Mor, 1969)
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Figure 2 — Gateway Measurements for On-Line Estimation

BATCH GROWTH OF S. CEREVISIAE ON GLUCOSE AND ETHANOL
FROM CATA OF MOR (1989)
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Figure 3 — Comparison of State Estimates with Analytical Data

BATCH GROWTH CF S. CEREVISIAE ON CLUCOSE AND ETHANOL
ESTIMATES VS. DATA OF MOR (1969)
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Nomenclature

a substrate stoichiometric coefficient

b oxygen stoichiometric coefficient

c ammonia stoichiometric coefficient

C colored noise state

e water stoichiometric coefficient

f carbon dioxide stoichiometric coefficient

g metabolite product stoichiometric coefficient

Mco, molecular weight of carbon dioxide

Mo, molecular weight of oxygen

P metabolite product concentration (g/1)
Rco,  carbon dioxide evolution rate (mmol/l/hr)
Rny, ammonia addition rate (g/1/hr)

Ro, oxygen uptake rate (mmol/l/hr)

R, total growth rate of biomass (g/1/hr)

RQ respiratory quotient

s substrate (glucose) concentration (g/1)
s substrate (ethanol) concentration (g/1)
w; white noise

Yeion yield coefficient (g biomass/g ethanol)

Youe  yield coefficient (g biomass/g glucose)
7 specific growth rate of biomass

respiration phase variables

y first derivative of y with respect to time
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