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Measurements provide the basis for monitoring and control of industrial processes as well
as model development and validation. Therefore, systematic approaches are of great value to
increase accuracy and reliability of measurements. In bioprocesses, linear conservation
relations such as elements and enthalpy can be employed to relate conversion rates. In this
work, a systematic approach has been applied to production scale fed-batch yeast fermenta-
tions. The six data sets obtained from two industrial size bubble columns, one with 25 m’
volumes and the other with 100 m’ volumes, are analyzed for state estimation and error
diagnosis. A statistical test is employed for error diagnosis. The serial elimination method is
used to analyze and locate the source of errors. The conversion rates are calculated from
primary measurements such as flow rates, temperatures, and concentrations. When available
measurements are more than the degrees of freedom of the system, it is said that the system
is redundant. The redundancy is, therefore, used for error detection and data reconciliation for
the six data sets in this work. In addition to elemental balances, heat balance has been set up
for the bubble columns, and metabolic heat production rate is employed as an additional
measurement. The redundancy is employed for state estimation, and biomass concentration
and specific growth rate have been estimated with great accuracy. The estimations can be
further used for process monitoring and control. © 2006 American Institute of Chemical Engineers
AIChE J, 52: 3967-3980, 2006
Keywords: state estimation, data reconciliation, fed-batch, process monitoring, error
diagnosis, baker’s yeast
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Introduction

In the fermentation industry, fermenters are operated for
maximum efficiency and minimum production cost. In order to
maintain competitiveness, the fermentations must be highly
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consistent, with minimum variation in product quality, maxi-
mum yield on raw materials, and minimum production of
undesirable side products. The development of optimal and
consistent product performance and attaining minimum batch
to batch variation requires the careful control of both growth
rate and carbon flow. In order to achieve a high degree of
control, knowledge of the metabolic states and amount of
biomass present in the fermenter are necessary.! In biotechno-
logical processes, online and offline measurements form the
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basis of information about the state of the process. The con-
tinued advancement in instrumentation technology has allowed
careful measurement and control of a number of fermentation
parameters such as pH, temperature, dissolved oxygen, and
off-gas analysis.!-> However, these measurements have a lim-
itation in providing information on the state of the culture.* The
use of off-gas analyzers has led to direct determination of
oxygen uptake rates, carbon dioxide evolution rates, and respi-
ratory quotients. The metabolic state of baker’s yeast fermen-
tation, for instance, can be determined by monitoring the com-
position of exit gas in terms of oxygen and carbon dioxide.!>-10

For monitoring, optimization, and control of cultivations, it
is important to quantify the growth and metabolite formation,
and this can only be done through measurement of the biomass
and/or metabolite concentrations. The absence of reliable and
cheap sensors for monitoring directly unmeasurable fermenta-
tion variables, such as biomass, specific growth rate, and sub-
strate concentrations, are the main bottleneck for bioprocesses
in an industrial environment.!-3-!1

It is, therefore, necessary to transform primary data into
derived data that are most identifying the process states.'!
Quantitative analysis of cultivation can be built up on these
derived data. Although it is highly desirable to measure bio-
mass concentration, it is either measured offline by withdraw-
ing samples or inferred from other measurements. The classical
method for biomass determination is the gravimetric method,
in which the biomass concentration is quantified by its dry
weight. Other biomass measurement techniques are in situ
(online) optical density sensors (infrared light source, near
infrared lamp, laser diode), capacitance based instruments, and
ultrasonic and conductivity based instruments.!?!> When pri-
mary measurements are transformed into conversion rates,
easily derivable linear conservation equations, such as the
chemical elements, charge, and enthalpy, can be used for this
purpose. That is why estimation techniques developed in con-
trol theory have been applied for online estimation of biopro-
cess variables. This has induced the development of “software
sensors,” which associate a sensor (hardware) and estimation
algorithm (software) in order to provide online estimates of
unmeasurable variables and kinetic parameters. There are three
classes of software sensors according to the models used by the
sensor for estimation, and James et al.> have compiled lists of
estimators, such as:

(a) mechanistic model based estimators

(b) black box model based estimators

(c) hybrid model based estimators.

Several mechanistic model based estimators have been pub-
lished in the literature, such as for baker’s yeasts-1%-1415 and for
penicillin.'®17 Several articles have also been published on
black box model estimators!®-2° and hybrid model based esti-
mators.?!-22

In combination with model-based calculations, they are used
for monitoring as well as for manual and automatic process
control. The validation of process models, as well as the
determination of the values of model parameters, can be estab-
lished only with the aid of measurements. Therefore, it is
important to have an accurate and consistent set of measure-
ments.” All measurements in the experiments more or less
include errors, and techniques to detect and locate errors are
valuable in the development of process modelling, monitoring,
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and control. The errors in the measurements arise from differ-
ent sources and can be classified into four categories?3-25:

® zero mean random noise, in agreement with accuracy
specification

® sudden gross errors

® systematic measurement errors

® decreased measurement accuracy.

Random noises are unavoidable and can be removed by
application of filtering such as the Kalman filter.26 The reli-
ability of data used in a model can be established by applying
the usual methods of random error minimization, such as
repeated experiments, multiple sensors, and careful calibra-
tions. Data redundancy is another consideration for the valida-
tion of the actual measurements and mechanistic framework.?’
Redundancies can be employed for the systematic detection of
the source of gross measurement errors and systematic mea-
surement errors.

In this work, consistency analysis of primary measurements
and estimation of biomass concentration from consistent mea-
surements are aimed at by using the mechanistic modeling and
redundant measurements obtained from production scale bak-
er’s yeast fermentation. The CO,, O,, and ethanol concentra-
tions in gas phase, air flow rate, and substrate feed rate are
measured, and then the consumption/production rates are de-
rived from these primary measurements. Heat balance has been
set up around the fermenters to obtain metabolic heat produc-
tion rate and included as a redundant measurement, which is
rarely available in the literature.?s3' After the unmeasured
conversion rates are calculated, the best estimate values for the
measured conversion rates are obtained by recursive applica-
tion of the reconciliation method.

Theory
Mechanistic process description

In the mechanistic process description, all cellular relations
are lumped into a single average cell with constant composition
(unstructured, non-segregated) and the cells exchanging mate-
rial and energy with the environment. The description based on
the simple mechanistic model gives the chance to check the
consistency of experimental measurements. Mechanistic mod-
eling enables us to establish linear relations between biochem-
ical reactions by using conservation laws and reaction conver-
sion rates. Although some of the reaction rates can be
calculated from primary measurements, some cannot be mea-
sured directly or are not feasible to measure in an industrial
environment.

General stoichiometry of a fermentation process can be
written with respect to reaction rates as:

rSCH.leA\QNyS + rnNH3 + rn02 - erHXIOXZN\'S
+r,CH, O,,N,; + r.CO, + r,H,0 (1)

P

and the rate vector is
— T
r= (rsi Tos Tps Ty rps Fey Ty (2)

As seen in the stoichiometric equation, there are four constraints
(C, H, O, N) and seven rates in the system. Degree of freedom is
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defined as F = M + N + 1 — I, where M is the number of
metabolic products, N is the number of substrates, / is the number
of constraints, and 1 is for the biomass. According to the number
of measurements, the systems can be classified as:

e underdetermined, number of measurements less than the
degree of freedom;

e determined, number of measurements equal to the degree
of freedom;

e over-determined, number of measurements higher than the
degree of freedom.

substrate oxygen ammonia carbondioxide ethanol

1 0 0
sl 0 3
E=]l g 2 0
3 0 1

According to the general conservation law, multiplying of the
elemental composition matrices and conversion rate vector is
zero:

E-r=0 (4)

The conversion rate vector can be divided into measurable (r,,)
and non-measurable (r.) conversion rates. Similarly, the ele-
mental composition matrix is also divided into measurable
(E,,) and non-measurable (E,):

E,r,+ Er.=0 (5)

If the number of measurable rates is equal to the degree of
freedom (F), the E. matrix is in quadratic form and easily
inverted as:

re= —E.'E,n, (6)

In case the E. matrix is not in quadratic form, the matrix
inversion is calculated by Eq. 7 (pseudo inverse):

rl_‘ = - (EZEC) ! EZEIII rﬂl (7)

In the case where the system is over-determined, more realistic
estimates of measured rates can be obtained from the balances
in addition to the calculation of non-measured conversion rates.
By inserting Eq. 7 in Eq. 5:

Rr, =0 (8)
R=E,- E(EIE)'E/E, &)

The matrix R is called the redundancy matrix,?3-25 and its rank
specifies the number of independent equations in Eq. 7. If these
dependent rows are removed from the redundancy matrix, we
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Once the system is over-determined, the redundancy of
the measurements can be used to calculate non-measured
conversion rates, increase the accuracy of the available
measurements through the application of least square calcu-
lation, identify the sources of gross measurement errors,
identify the sources of inconsistencies in formulation of the
mechanistic model, and improve the state estimation of the
process.?3-23

The elemental composition matrix for the fermentation pro-
cess in Eq. 1 can be written as:

water biomass
1 1 0 1 C
0 pl 2 x1 H
2 2 1 2 o 3)
0 p3 0 x3 N

obtain rank(R) independent equations relating the K measured
rates:

Rr,=0 (10)
where R, is the reduced redundancy matrix, containing only the
independent rows of R. If it is assumed that conversion rates
contain errors originating from primary measurements, we can

denote the true (r,,) and measured (7,,) values, and error vector
0 with:

Fu=7r,+t o (11)

Here, the error vector is assumed normally distributed with
mean value of zero and with variance-covariance matrix F:

E3) =0 (12)

FEEL (?m_ rm)(?m_ rm)TJ:E(857) (]3)

In practice, all the measurements contain some errors and there
is a residual in each part of Eq. 10:

e=R&8=R/r,—r,) =R7T, (14)
E(e) =R,E(8) =0 (15)

Here, € represents the residuals vector. Since the residuals have
a mean of zero and the variance-covariance matrix for € is
given by Eq. 16:

P = R,FR’ (16)

The minimum variance estimate of the error vector (6) is
obtained by minimizing the sum of the squared errors scaled
according to the level of confidence placed on the individual
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Table 1. The Values of the Chi-Square Distribution?’

Confidence Level

Degrees of
Freedom 0.5 0.75 0.9 0.95 0.975 0.99
1 0.46 1.32 2.71 3.84 5.02 6.63
2 1.39 2.77 4.61 5.99 7.38 9.21
3 2.37 4.11 6.25 7.81 935 113
4 3.36 5.39 7.78 9.49 11.1 133
5 435 6.63 924 111 12.8 15.1

measurements. The solution of the minimization problem is
given by:

5=FR'P~'e = FR'P'R ¥, (17)

where the hat (A) in Eq. 17 specifies that it is an estimate. Using
Eq. 17, we can find an estimate of the measured rates to be
given by32:

P =Tn— 0 (18)

When the length of the residual vector differs significantly
from zero, there must be a significant error in at least one of the
measurements or in the system description. In order to quantify
the residuals significantly different from zero, we use a statis-
tical test introduced by Reilly and Carpani?:

h=¢e"P e (19)

The test function 4 is given by the sum of the weighted squares
of the residuals and the residuals are weighted according to
their accuracy. When the raw measurements are uncorrelated,
the test function / is chi-square (x?) distributed. The degree of
freedom of the distribution is equal to rank(P) = rank(R). By
comparing the / test values with ¥ distribution, it is possible
to detect systematic errors in the data set. The y* distribution
table at different confidence levels and different degrees of
freedom is given in Table 1.

Serial elimination method

If h test values are higher than the given confidence level,
one cannot conclude whether the unsatisfactorily large errors
are due to systematic errors or large random errors.?*34 One
approach to eliminate measurement error at a given data set is
serial elimination. The serial elimination method, first intro-
duced by Ripps, attempts to find the source of an error by
leaving out the balanceable rates one by one, followed by
calculating the probability. By comparing the % test results,
there is strong evidence for the presence of gross measurement
errors in the measurement that is eliminated, if a significantly
lower value is obtained.

Growth stoichiometry of yeast

To demonstrate the capabilities of the mechanistic process
description, its application to industrial baker’s yeast fermen-
tation is described here. Baker’s yeast is produced in aerobic
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fed-batch process. Metabolic behavior of the baker’s yeast
fermentation process can be defined in three different pathways
using the following stoichiometric equations°-3:

Oxidative growth on carbon source:

CH20N0.0125+ 0X/502+ ]\;;SNH3 - X);SCHI.SOU.SNOJ

+ Y65CO, + YysH,O - (20)
Fermentative growth on carbon source:

CH,ONy 0125 + YyisNHy — Y5/sCH, 500 5Ny > + Yi5CH; 0 5
+ YE5CO, + YidH,0  (21)

Oxidative growth on ethanol:

eth

I

CH;0y5 + Yy)sNH; + Y550, —> YysCH, 0g 5Ny 2
+ Y4 CO, + Y H,O  (22)
Mixed metabolism can be shown as in Eq. 23:

CHZONO.()IZS + YO/SOZ + YN/SNH3 - YX/SCH1.800.5N0.2
+ YpsCH3005 + Yei5€0, + YiysH,0 + Yo (23)

The general metabolic equation can be written based on
conversion rates:

r,CH,0N, o155 + r,NH; + 1,0, — r,CH, 30, 5N,
+r,CH,05 + r.CO, + r,H,0 + 1, (24)

The conversion rate vector can be written as follows:
— T
r_(_rs’ T Tl Iy rp’ Ves Ty rq) (25)

In Eq. 24, the metabolic heat production is included in the
stoichiometric equation. The degree of freedom of this pro-
cess is three. Hence, at least three measured rates are needed
in order to calculate the unmeasured conversion rates. Fur-
thermore, in order to have best estimate values for the
measured rates and to perform consistency analysis and
serial elimination for conversion rates, we have to measure
two more conversion rates than the degrees of freedom. For
this purpose, heat balance is included in the elemental
composition matrix. In this way, redundancy of the system
is increased without changing the degree of freedom. Here,
volumetric rates are derived from primary measurements,
and the degree of freedom of this process is three (F = 3 +
4 + 1 — 5). The elemental composition matrix including
metabolic heat can be written as:

November 2006 Vol. 52, No. 11 AIChE Journal



biomass ethanol CO, H,O glucose
1 1 1 0 1
1.83 3 0 2 2
E=]| 0.56 0.5 2 1 1
0.17 0 0 0 0.0125
560 683 0 0 467

By writing Eq. 4 for a new system description, one obtains:

1 1 1 0 1 0 0
1.83 0 2 2 0o 3
056 05 2 1 1 2 0
0.17 0 0 0 0.0125 0 1
560 683 0 0 467 0 383

The non-measured conversion rates could be calculated by
separating the rate vector, and the composition matrix is sep-
arated into measurable and non-measurable by a simple matrix
operation as shown below:

oxygen CO, ethanol glucose heat
0 1 1 1 0 ||r,
0 0 3 2 0 || r.
2 2 0.5 1 0 |
0 0 0 0.0125 0 || r,
0 0 683 467 —-1]Lr,
ammonia H,O biomass
0 0 1
3 2 1.83 T,
+ 0 1 0.56 [rw}:o
1 0 0.19 T
383 0 520
r)l
:
r)C
0.8081 1.0829 —0.2085 0.2163 —0.0001
:[—0.9033 —1.0744 —0.1408 —0.4308 0.00161
—0.5527 —-0.7406 —1.0771 —0.9818 —0.0017
rD
rL‘
X | Te
rS

o

oxygen ammonia heat

0 0 0 | carbon balance
0 3 0 | hydrogen balance
2 0 0 | oxygen balance (26)
0 1 0 | nitrogen balance
0 383 —1 | heat balance
0
0
o lr.r,r.r, —r, =r, =1, r,J- =0.
0
-1

On the other hand, the redundancy matrix and reduced
redundancy matrix for our system are obtained from Eq. 9 as
follows:

—0.5527 0.2594 —-0.0771 0.0182 —0.0017
—0.3936 —0.2554 0.1220 —0.0097 —0.0003

R=1| 07872 0.5109 —0.2440 0.0193 0.0006
0.7031 09421 —0.4131 0.0422 —0.0004
0.0012  —0.0005 0.0001 —0.0001 0.0000 |
[ —0.5527 02594 —0.0771 0.0182 —0.0017]
R, = [—0.3936 —0.2554  0.1220 —0.0097 —0.0003 |

By means of the reduced redundancy matrix (Rr), the vari-
ance-covariance matrix for measurement error vector (F), and
the variance-covariance matrix for residuals (P), the minimum
variance estimate of the error vector (8) is obtained. Finally, by
subtracting these estimates from online measured rates, best
estimate values are obtained for the measured conversion rates.
These new values can be called reconciliated/balanced values.

Materials and Methods

All the measurements have been carried out in two technical
scale bubble column fermenters, one with 25 m> volumes and
the other with 100 m® volumes. The flows entering the fer-
menter are substrate (molasses), air, ammonia, acid, and anti-
foam agent. The carbon dioxide, oxygen (Servomex, 1400 B4
SPX), and ethanol (Vogelbuch GS 2/3) concentrations are
measured in the gas phase in the exhaust line. Molasses and

Table 2. Primary Measurements and Conversion Rates

Primary Measurements Units Conversion Rates Units Symbol
Air flow Nm?*h O, consumption rate mol/m*h r,
Substrate flow rate m’/h CO, consumption rate mol/m>h r.
O, concentration % Ethanol prod./cons. rate Cmol/m’h r,
CO, concentration % Substrate consumption rate Cmol/m*h Ty
Ethanol concentration % Metabolic heat prod. rate kJ/m*h r,
Liquid volume m® Water production rate mol/m*h -
Cooling water flow rate m’/h Nitrogen consumption rate mol/m*h r,
Cooling water inlet temp. °C Biomass production rate Cmol/m*h e
Cooling water outlet temp. °C
Fermenter temperature °C
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Table 3. Sugar and Metabolite Concentrations for F1
Fermentation During Initial Period of Fermentation

t Sucrose Glucose Fructose
(min) (kg/m?) (kg/m?) (kg/m?)
15 10.18 3.64 341
30 6.63 5.14 591
45 3.092 5.04 7.69
60 2.07 43 7.85
75 1.04 2.75 7.45
90 0.72 1.18 5.33

105 0.58 0.187 1.55
120 0.52 0.48 333
t Glycerol Acetic Acid Ethanol
(min) (kg/m®) (kg/m®) (kg/m?)
15 0.31 0.19 0.70
30 0.05 0.13 1.54
45 0.35 0.22 3.33
60 0.45 0.29 4.07
75 0.64 0.31 6.46
90 0.72 0.18 7.59
105 0.83 0.21 9.75
120 0.82 0.25 9.59
240 8.93
360 0.04 0.09 8.08

ammonia flow rates are measured by electromagnetic flow
meters (Krohne, IFM 090), and airflow is measured by a vortex
type (EMCO, V-Bar 700) flow meter. The temperature and pH
of the broth are controlled by a closed loop controller in PLC
(Modicon, 612 03). The fermenter with 25 m® volumes is
equipped with external half coils to remove metabolic heat;
whereas in the 100 m> fermenter, an external plate heat ex-
changer is used to remove heat generated during fermentation.
The schematic views of fermenters are given in Figure 1.

During fermentations, all influents are fed according to pre-
determined profiles. All the closed loop control operations are
managed by PLC and process measurements collected via the
SCADA system (Nematron, Paragon V5.4). All the data sets
are collected in one-minute periods, but the reconciliation
algorithm steps are run at 15 min periods. The primary mea-
surements and derived and calculated conversion rates are
given in Table 2.

Methodology

In order to calculate the unmeasured conversion rates, one
first has to derive specific conversion rates from the primary
measurements. Oxygen uptake rate (r,) and carbon dioxide
production rate (r.) are determined as below using the inert gas
balance?9-3:

Exrast

;

gy

hiolagses Molassex

small fermenter

o farge fermenter
(25 m")

(100 m’)

Figure 1. Views of fermenters and primary measure-
ments.

02 02

F in ot
n
Iy = V 1 __ pin __ pin  __ Pin - 1 __ pout __ pout __ Pout (27)
O COx w 0 CO> w

F, [ co, o, ] 8)
.= — - - — —
¢ Vil-— [gz_ g’Oz_Pl‘g/ 1 - Zuzl_ %u(gz_P%[

The substrate consumption rate, r,, is determined by mea-
suring the molasses feed rate. However, in a fermentation
where significant ethanol is formed (F1 fermentation), the
substrate consumption rate is calculated from the dynamic
mass balance by taking into account accumulation of sugars in
the broth during the first 2 h of fermentation using the follow-
ing dynamic equation:

F, dS

ZVLS"_E (29)

ry

Accumulation of sugars and other metabolites during alcohol
formation during the initial period of fermentation are shown in
Table 3.

The ethanol production/consumption rate, r., is determined
by online measuring of the alcohol concentration of the broth.
Systematic errors that may occur due to neglect of the ethanol
partition between liquid and gaseous phases are considered. In
a fermentation where some ethanol has been formed by over-
dosing the carbon source, ethanol in the gas phase is taken into
account in order to close elemental balances. Duboc and von
Stockar?® have studied ethanol partition between gas and liquid
phases and derived the following equation at 30°C:

ye = 0.532x; (30)

Table 4. Quantification of Energy Sources in the Bioreactors

Feed: Qeed = 2’.’

Metabolic:

]Fipicpi(’ri - Tf)

1=
D metavotic — T qVL

= F mcpm(Tm - Tf) + F, airPaiGCmr(Tuir - Tf)

Exchanger: qexchanger = UexchA(‘xchATL = chpw(Tfn - Tom)
Surface: 9 surface = air surl T — Tsurr)

Evaporation: qempormion = FairAH?v(P(v;m - P:Z)

Radiation: G radiation = Asur€0( P urr)

Qacid = FaAHd + FaAHr
dco, = F(-AHCOZ

Acid dilution and neutralization:
CO, stripping:
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Table 5. Content, Mass, and Heat of Combustion
of Each Component3?

Formula Mass Heat Combustion
Element C-mol/mol (g/C-mol) kJ/C-mol
Biomass CH, 4Oy sNy.» 24.6 560
Glucose CH,ON o125 30 467
Ammonia NH; 17 383
Ethanol CH;0, 5 23 683

where x is the ethanol mole fraction in the liquid phase and y,
is the ethanol vapor content in the off gas. The gas phase
ethanol mole fraction can be calculated from Eq. 30 when the
liquid phase mole fraction is known. The metabolic heat pro-
duction rate is measured using the dynamic energy balance
around the fermenter as follows?-30:

d(VT)
P C]l.b dt = qfeed + Gmetabolic + qex('hzmger + q.\'urface + qc'vaporation

+ qmzliazion + qCO; + qacitl (31)

The contribution of each term apart from g,,,.,.p0ic in Eq. 31 is
calculated from online primary measurements using equations
in Table 4, the details of which can be found in Tiirker.29-30

The metabolic heat production rate is calculated when the
left-hand side of Eq. 31 is set to zero since the temperature of
the broth is controlled at a set value. The compositions, mass
weights, and heats of combustion of each component in the
stoichiometric equation are given in Table 5.

The adjustments to the measured rates are related to the
accuracy of the measurements and the structure of the equa-
tions. The relative errors for conversion rates are assumed to be
7% for r,, 1., and 1., 4% for r,, and 20% for the metabolic heat
production rate r,, based on our experience in our plant. The
derivation of balanced/reconciliated conversion rates is per-
formed in every programming cycle (15 min). The 4 test is
applied only for the determination of confidence level at each
programming cycle. Finally, more accurate biomass concentra-
tion values are obtained by using the reconciliated/balanced
conversion rates.

100 30
E
80 A [
o 5=
1S 20 o4&
B 60 A ZE
= volume c
w = QO
%] jo20
£ 40 | =8
5 10 2%
o - S e
molasses £ x
] o Q
20 ethanol i N
0 - —-0
0 4 8 12 16
time (h)

Figure 2. Progress of a typical fermentation obtained in
the 25 m® fermenter.

Straight lines for online measurements, —l—for offline bio-
mass measurement.
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Figure 3. Online and reconciliated volumetric rates for
b1 fermentation.
__ Online rates, reconciliated rates.

Consistency Analysis Based on Carbon, Electron,
and Energy Balances

We have analyzed the accuracy of online and reconciliated
conversion rates, using elemental, electron, and heat balances,
in addition to the & test. The balances can be written from Eq.
24 as follows29-30:

Elemental balances:

C. ry=r.tr,+r.

H: 2r;+3r,=18r,+ 3r, +2r,

O: r,+2r,=05r,+05r,+2r.+r, (32)

N: 0.0125r, + r, = 0.2r,
Electron balance:

Vsl's — 4ru = Vi« + yprp (33)

Heat balance:

rdAHg+ r,AHy=rAH + r,AH, + r, (34)

Carbon (CR), electron (ELR), and energy (ER) recoveries
can be defined as from Eqs. 32-34:

o
>

100 - 100
75 Bl o 75 Cl
50

o
>

biomass (kg/ms)
n w
& S
\\
-
K
3
»
»
s
.
>
»
»

=}
=3
©

50

25 254

o
IS
=]
)
>
o
I
®
~
>
=
IS
@
S
&

time (h) time (h) time {h)

Figure 4. Online, reconciliated, and offline biomass es-
timation for typical pilot scale fermentations.
__ Online, reconciliated, A offline.
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Figure 5. Reconciliated and offline specific growth rates
estimations for typical pilot scale fermenta-
tions.
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Results and Discussion

Derivation of reconciliated conversion rates in the small
Jfermenter

The baker’s yeast Saccharomyces cerevisiae was cultivated
in fed-batch mode on commercial media based on molasses.
The molasses was added initially at an exponential rate, then at
a constant rate to the fermenter to maintain oxidative growth
conditions. The progress of typical fermentation parameters is
shown in Figure 2.

To evaluate how the model simulates the experimental data;
the industrial size experiments are carried out in two ferment-
ers: one with volume of 25 m® and the other 100 m® for
industrial fermentations. Initially, the presented algorithm is
applied to the data obtained from the smaller fermenter (25 m®)
for three different fermentations (A1, B1, and C1). The result-
ing online and reconciliated volumetric conversion rates, bio-
mass estimations, estimated specific growth rates, estimated
biomass yields, and carbon, electron, and energy recoveries are
given in Figures 3-7, for a typical fermentation, respectively.

Figure 3 shows that online and reconciliated conversion rates
closely match each other apart from the oxygen uptake rate, r.,.
In order to analyze the source of errors in the measurements,
we have applied the chi-square test to the B1 data set, and the
results are shown in Table 6. The first column in Table 6 shows
the magnitude of the chi-square test values obtained from
online measurements. The magnitudes of the / test values in
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Figure 6. Biomass yields, Yy, (Cmol/Cmol) from offline
(#) and reconciliated (__) data for A1, B1, and
C1 fermentations, respectively.
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Figure 7. Carbon (CR), electron (ELR), and energy (ER)
recoveries for online B1 fermentation data set,
respectively.

the first column of Table 6 are higher than the values in Table
1 for three degrees of freedom, indicating the presence of
errors. We have applied the serial elimination method in order
to locate the source of error in the measurements. The other
columns of Table 6 are obtained by serial elimination of each
conversion rate successively. The value of the test function is
significantly reduced when oxygen uptake rate measurements
are moved to the calculable part of the composition matrix;
while other measurements are moved to the calculable part, the
values of the & test remained high, indicating the presence of
systematic errors in oxygen uptake rate measurements. The
same fermentation has been performed in triplicate, and % test
values are summarized in Table 7 for three data sets. For the
Al fermentation data set, / test values are low for the most part
of the fermentation apart from a few points at the beginning
and end of fermentation. For the C1 fermentation data set, &
test values are reduced but still above the values from Table 1
when r, is eliminated.

In Figure 4, the offline biomass concentrations obtained
along the fermentation are compared to online and reconcili-
ated estimations for three data sets, and reconciliated biomass
estimations give the best match to offline measurements. The
estimated specific growth rate obtained from reconciliated data
closely matches to that calculated from offline measurements,
as shown in Figure 5, indicating that the specific growth rate
can be estimated with acceptable accuracy from reconciliated
process information. The reconciliated biomass estimation can
also be used to get biomass yield, as shown in Figure 6.

Table 6. h Test Values when the Serial Elimination Method
Is Applied for B1 Data Set

h

Serial Elimination of

No Deletion T, r, r, T r,
3253 214.5 131.9 2255 203.4 88.6
72.5 45.0 0.1 37.8 59.7 75.3
69.5 47.0 0.5 40.1 61.2 69.9
71.1 61.4 4.1 55.2 73.0 57.2
46.8 24.5 0.1 19.8 35.1 49.0
38.7 12.3 0.2 9.1 19.7 443
84.5 7.5 6.3 4.4 15.9 92.0
157.2 14.0 23.1 7.6 323 163.9
38.7 15.1 0.0 11.6 233 433
40.2 13.0 0.1 9.7 20.6 46.0
46.9 20.8 0.0 16.3 30.9 513
327 18.1 14.5 17.2 19.5 0.7
18.8 6.1 0.0 4.4 9.5 23.0
39.7 24.8 0.7 20.5 343 38.6
25.7 8.8 0.0 6.5 13.9 30.4
55.7 45.6 3.6 40.2 56.2 422
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Table 7. h Test (Chi-Square) Values for the Experiments

After Elimination of r,

Al Bl Cl Al Bl Cl
50.2 3253 168.5 20.3 131.9 59.1
39.0 72.5 50.8 12.3 0.1 13.3
50.6 69.5 53.0 17.3 0.5 11.6
27.2 71.1 27.2 5.7 4.1 2.3
17.9 46.8 42.8 0.9 0.1 9.7
27.4 38.7 38.0 2.8 0.2 11.0
27.7 84.5 355 2.6 6.3 8.7
27.2 157.2 40.6 4.6 23.1 10.3
21.6 38.7 31.0 5.7 0.0 7.8
25.7 40.2 33.1 72 0.1 2.5
21.3 46.9 65.4 5.0 0.0 323
22.9 32.7 47.0 59 14.5 27.8
239 18.8 12.4 6.2 0.0 2.5
16.1 39.7 24.7 1.7 0.7 10.9
33.0 25.7 40.5 10.5 0.0 11.6
159 55.7 42.6 10.9 3.6 15.6

The carbon, electron, and energy recoveries are presented in
Figure 7, and significant deviation is observed in electron
recovery. This observation is in line with that observed be-
tween online and reconciliated oxygen uptake rate measure-
ments presented in Figure 3.

Derivation of reconciliated conversion rates in the large
fermenter

The results obtained in the 100 m® fermenter are presented in
Figures 8-10, respectively, for three sets of fermentations (D1,
El, and F1). In the D1 and E1 fermentations, little ethanol is
formed at the beginning of fermentation; while in the F1
fermentation, some ethanol is generated by overfeeding the
carbon source. The conversion rates calculated from online
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Figure 8. Online and reconciliated volumetric rates for
D1 fermentation.

__ Online rates, reconciliated rates.
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Figure 9. Online and reconciliated volumetric rates for
E1 fermentation.
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primary measurements are presented in Figures 8-10, together
with reconciliated rates. Raw and reconciliated conversion
rates seem to closely match each other for data sets D1 and E1.
However, online metabolic heat production rates fluctuate and
are not smooth, whereas reconciliated metabolic heat produc-
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Figure 10. Online and reconciliated volumetric rates for

F1 fermentation.
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Table 8. h Test (Chi-Square) Values for the D1, E1,
and F1 Experiments

Table 10. & Test Values when the Serial Elimination Method
Is Applied to F1 Data Set

D1 El F1
1.6 0.0 0.0
10.0 9.3 68.4
32 12.6 31.9
1.0 20.3 335
5.7 3.8 32.1
6.3 7.8 28.7
4.2 44 25.7
35 0.2 28.7
8.0 0.5 29.3
0.8 6.4 28.3
34 12.2 28.2
4.6 345 13.0
7.6 134 3.0
2.3 32 1.7
10.7 27 3.1
43 233 3.8

tion rates are smooth as are other conversion rates. This is due
to the dynamics of cooling water control valves.

However, in the F1 fermentation, online and reconciliated
oxygen uptake, carbon dioxide production, and metabolic heat
production rates do not match each other as closely as those in
the D1 and E1 fermentations. All three online conversion rates
diverge from reconciliated rates until the 12th hour, when
ethanol consumption starts. Afterwards, online and reconcili-
ated conversion rates converge.

In order to analyze the source of errors in the measurements,
we have applied the chi-square test to all data sets (D1, E1, and
F1 fermentation data sets), and the results are shown in Table
8. The magnitudes of the chi-square test values applied to the
D1 and E1 data sets indicate that there is no suspicion about the
quality of online measurements for these data sets apart from a
few data sets that fail the test. Serial elimination has been
applied to the E1 data set, and the results are shown in Table 9.
Although the successive deletion of conversion rates from the
matrix does not further reduce the magnitude of / test values
compared to those in Table 1, the inconsistent data points yield
the smallest performance indices only when the CO, produc-
tion rate, r., is eliminated. However, the inconsistent data
points still give higher performance indices when other con-

Table 9. h Test Values when the Serial Elimination Method
Is Applied to E1 Data Set

h
After Deletion of

No Deletion T r, r, Ty r,
9.3 0.0 4.9 3.5 7.6 13.5
12.6 33 9.8 8.4 12.3 3.6
20.3 5.9 14.9 13.3 17.9 3.7
3.8 0.1 1.0 0.6 1.6 7.0
7.8 0.0 3.1 2.1 5.0 11.8
4.4 2.1 0.1 0.3 0.1 9.3
0.2 0.3 0.0 0.0 0.0 1.1
0.5 0.6 0.5 0.6 0.9 0.0
6.4 1.7 3.7 3.1 4.4 0.7
12.2 3.0 8.6 7.4 10.7 2.9
345 10.8 26.3 243 30.0 5.1
32 0.0 1.1 0.6 1.6 5.9
8.6 1.1 6.3 5.1 8.4 52
2.1 0.3 0.3 0.1 0.4 5.2

h
After Deletion of

No Deletion r,. T T r, T

c o e s q
68.4 6.2 16.4 7.2 7.7 82.8
31.9 1.8 8.0 2.4 1.9 44.2
335 49 10.3 5.6 6.7 423
32.1 4.9 10.2 5.6 6.7 40.7
28.7 4.1 9.4 4.8 5.5 37.4
25.7 1.0 6.7 L5 1.0 37.7
28.7 1.0 7.0 1.5 0.9 41.7
29.3 1.7 7.7 23 1.8 41.2
28.3 1.3 7.3 1.9 1.4 404
28.2 2.5 8.3 32 3.1 38.5
13.0 3.9 7.4 4.4 5.5 16.4

3.0 0.8 0.1 0.5 0.9 1.1

1.7 0.4 0.3 0.5 0.9 0.3

3.1 1.1 0.1 0.7 1.4 2.2

3.8 0.9 0.1 0.5 1.4 72

version rates are eliminated. Therefore, we may conclude that
online measurements of the E1 data set are generally reliable
apart from the measurements at 3-4 and 11-13 hours of fer-
mentation since & test values are higher than those in Table 1.
Meanwhile, the magnitudes of /4 test values for F1 fermentation
are higher than the values for three degrees of freedom until the
12th hour of fermentation; afterwards, & test values are signif-
icantly reduced, and online and reconciliated conversion rates
converge to each other.

We have applied the serial elimination method in order to
locate the source of error in the measurements in the F1 data
set, and / test values are given in Table 10. When no deletion
is made, the measurements fail the test until the last 4 hours of
fermentation. The conversion rates are eliminated one by one
in the calculation matrix. The & test values are significantly
reduced when r, 1, 1., and r are eliminated, but not Iy When
r, is eliminated, the / test values remained the same, indicating
that r, measurements are not faulty. We may conclude that
systematic errors are not in a single conversion rate; rather,
they may be distributed among several conversion rates. There-
fore, the serial elimination method does not allow locating the

Table 11. & Test Values when the Serial Elimination Method
Is Applied to F1 Data Set

h
After Deletion of

No Deletion r. r, r, Ty e

244.8 242.4 217.7 8.2 101.2 81.2
54.2 0.0 19.0 52.7 41.5 454
70.4 3.6 43.1 67.3 38.1 43.6
59.1 1.7 30.0 57.8 37.0 42.0
68.3 7.1 45.7 64.4 329 38.7
45.1 0.0 14.3 42.6 354 389
484 0.0 13.2 449 39.3 43.0
424 52 1.5 28.1 41.1 424
41.7 5.2 1.2 26.5 404 41.7
40.1 2.5 3.8 31.0 37.7 39.7
239 0.8 11.7 23.0 14.9 17.4
8.0 7.4 6.2 1.7 1.8 1.5
4.3 3.0 4.1 39 0.1 0.1
7.8 2.0 5.5 6.6 1.7 2.8
8.1 2.1 0.0 33 7.3 79
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Figure 11. Biomass concentration obtained by mecha-
nistic models and offline analysis.

Straight lines for reconciliated estimations, dashed line for
online biomass estimation, A for offline laboratory analysis.

source of errors if the errors are distributed among different
measurements.

We have repeated the serial elimination for F1 fermentation
by replacing r, with experimentally measured ry, and the results
are shown in Table 11. In this case, & test values are signifi-
cantly reduced only when the CO, production rate is eliminated
during the whole period of the fermentation. When the oxygen
uptake rate measurements, r,, are eliminated, & test values are
also reduced during the second half of the fermentation. They
remained the same when other conversion rates were elimi-
nated apart from the final 4 hours of fermentation, indicating
that the CO, production rate during the whole period and the
oxygen uptake rate during the second half of the fermentation
may have a systematic error. This may also indicate an error in
airflow rate measurements since oxygen uptake and carbon
dioxide production rates are calculated as combinations of exit
gas composition and airflow rate. However, we have observed
that the data obtained from primary measurements are more
accurate during the latter part of fermentations related to high
conversion rates. It is not easy to detect the differences in the
inlet and exit gas compositions, resulting in more likely faulty
measurements. In addition, heat balance improves when higher
conversion rates are obtained, because relative contributions of
other heat sources become insignificant compared to metabolic
heat.?®

The offline biomass concentrations obtained along the fer-
mentations (D1, El1, and F1) are compared to online and
reconciliated estimations in Figure 11 for three data sets, and
reconciliated biomass estimations give the best match to offline
measurements. In all data sets, the reconciliated algorithm
improves the estimation of biomass concentrations. Further-
more, the estimated biomass concentration could be used to
calculate specific conversion rates such as the specific growth
rate. The estimated specific growth rate obtained from the
reconciliated biomass concentration is shown in Figure 12 and
closely matches to that calculated from offline measurements,
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Figure 12. Reconciliated and offline specific growth
rates estimations for typical industrial scale
fermentations.
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Figure 13. Biomass yields, Yy,5 (¢), (Cmol/Cmol), and
ethanol yields Y,,5 (A) from offline and rec-
onciliated data (__) for D1, E1, and F1 fermen-
tations, respectively.

indicating that the specific growth rate can be estimated with
acceptable accuracy from reconciliated process information.
Furthermore, the reconciliated process information can also be
used to get biomass yields and ethanol yields on substrates, as
shown in Figure 13.

In addition to the chi-square test, we have analyzed data in
terms of carbon, electron, and energy recoveries. The carbon
(CR), electron (ELR), and energy recoveries (ER) for D1, E1,
and F1 fermentations are checked and plotted against time for
online rates in Figure 14. Although initially the recoveries
diverge at low metabolic activity, they are close to one, espe-
cially for D1 and E1 fermentations, as also justified by the chi
square test. For the F1 fermentation data set, the carbon and
electron recoveries are close to but less than one. However,
energy recovery is close to one.

Replacing heat balance with degree of reduction balance

We have replaced heat balance with degree of reduction
balance, since there is direct correlation between the degree of
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Figure 14. Carbon (CR), electron (ELR), and energy (ER)
recoveries for online and reconciliated data
for D1, E1, and F1 fermentations data sets,
respectively.
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Table 12. i Test Values when the Serial Elimination Method
Is Applied to B1 Data Set Using Degree
of Reduction Balance

Table 14. k Test Values when the Serial Elimination Method
Is Applied to F1 Data Set when Degree of Reduction
Balance Used Instead of Heat Balance

h h
After Deletion of After Deletion of
No Deletion T, r, r, T Ty No Deletion T r, r, T T,
198.7 3.6 165.3 107.5 64.9 67.9 61.5 363.7 385.5 99.1 54.5 324
120.0 6.6 92.0 823 55.7 57.6 81.8 87.1 65.9 3.6 25 1.4
126.2 25 103.4 81.4 51.2 53.5 30.7 9.6 56.9 50.0 19.9 22.8
117.0 0.0 103.5 72.7 41.2 43.8 28.5 0.1 18.8 36.9 35.7 273
58.7 0.0 64.1 59.3 35.4 375 24.8 7.6 41.2 422 17.8 20.4
34.6 6.4 12.3 372 335 33.9 27.1 1.7 4.7 25.2 26.8 27.1
83.5 209.8 128.8 1.7 83.5 70.4 28.6 3.8 2.7 24.0 28.9 28.8
141.8 340.7 289.0 9.7 154.4 125.5 315 3.7 33 27.0 31.7 31.7
38.3 2.7 27.5 42.6 322 332 31.2 3.7 39 27.7 313 31.4
433 2.6 332 46.4 34.1 352 30.6 3.7 3.5 26.7 30.7 30.7
535 23 44.1 54.0 37.9 39.3 29.1 3.8 32 25.2 29.3 29.3
167.1 86.3 200.8 49.7 0.0 0.6 9.8 413 61.6 19.1 0.0 0.1
88.7 15.8 127.6 50.5 14.9 17.6 209.6 186.9 297.3 77.6 0.5 0.1
60.0 0.8 70.8 514 274 29.5 203.0 179.3 290.2 75.3 1.7 0.1
39.8 0.0 40.6 353 22.0 232 195.0 147.7 272.9 72.9 0.4 2.1
46.7 0.0 51.2 49.9 30.5 323 220.5 1142 2593 74.9 4.9 8.5

reduction and the heat balance, and the degree of reduction
balance is readily available from available measurements other
than heat flux. The biomass production rate, r,, can now be
obtained from Eq. 33 since the rates are available online on the
right-hand side of the equation as

—4r, = v,71,
Ya

Vs

r, =

(36)

Now the system is over-determined and the degree of reduction
balance can now be used for error diagnosis, data reconcilia-
tion, and state estimation. We have selected only three data sets
out of six to test the feasibility and accuracy compared to those
obtained in the previous section using heat balance. The chi-
square test and serial elimination have been applied to the B1,
D1, and F1 data sets only, and the results are shown in Tables
12-14, respectively. Normally, all three data sets contain errors,

Table 13. k Test Values when the Serial Elimination Method
Is Applied to D1 Data Set when Degree of Reduction
Balance Used Instead of Heat Balance

h
After Deletion of

having high /4 test values. When serial elimination is applied, it
seems the carbon dioxide production rate, 1., having measure-
ment error in all data sets. The data reconciliation and state
estimation have been applied, and the estimated and measured
biomass concentrations and specific growth rates are presented
in Figures 15 and 16, respectively. Biomass concentration and
specific growth rate are not estimated with accuracy with
online and reconciliated data for the B1 data set obtained in the
small fermenter. However, the estimations in the large fer-
menter are better for both the D1 and F1 data sets, especially
for the D1 data set. In fact, error diagnosis presented in the
previous section also confirmed the accuracy of data set D1
using redundant metabolic heat measurements.

Conclusions

The combination of the estimation algorithm based on the
mechanistic modeling and data reconciliation algorithm offers
improved results for estimation of biomass concentration and,
as a result, specific growth rate. By applying balancing tech-
niques, more accurate conversion rates are obtained. Heat
balance has been used as an additional measurement in the
large scale. The advantages of metabolic heat measurement is
that it is simple and could easily be applied with common

No Deletion r, r, r, r, . process instruments normally available in industrial environ-
1412 13.0 2077 1370 530 505 rpepts, such as ﬂqw meters a.nd temperature.sel}sors. The ‘sta-
58.7 0.0 49.9 79.1 49.6 52.6 tistical test has failed, especially at the beginning of cultiva-
52.1 0.0 36.0 69.4 46.2 48.8
51.3 0.0 30.9 67.1 46.3 48.9
45.1 0.0 23.0 56.6 414 43.7 ‘0 o0 10
412 0.0 21.1 514 38.0 40.0 = i ! I -
39.7 0.0 19.8 49.1 36.7 38.6 5" S A ot
36.9 0.0 17.9 45.1 34.1 359 73’50 X 501 /,x"' 50 ) //i'/
20.3 0.0 7.1 21.8 19.3 20.1 @ . s e e
223 0.0 72 235 203 22 5. P S B
36.0 0.0 15.4 42.6 33.6 35.3 % : s 2 % 0 4 v TR e YT
37.1 0.0 17.0 44.7 34.5 36.2 time (h) time (h) time {h)
36.4 0.0 16.2 43.6 33.9 35.6
38.6 0.0 17.4 46.6 35.9 37.7 Figure 15. Online and reconciliated biomass estima-
g;g 8~8 }gg 2(2)-5; %?g §S'4 tions and comparison with offline biomass
: . : : i 7 concentrations. __ reconciliated, A offline.
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specific growth rate {1/h)

time (h)

time (h) time (h)

Figure 16. Offline and reconciliated specific growth
rates.

tions where metabolic activity is low, whereas it improved
when metabolic activity increased.

Generally, oxygen uptake and carbon dioxide production
measurements seem to contain errors. This may be due to
errors in the determination of exhaust gas composition, as well
as in airflow measurements. The accuracy of exhaust gas
composition is related to the difference between inlet and outlet
gas compositions, which is also related to airflow rate. As the
airflow rate increases, the difference between inlet and outlet
gas compositions decreases, resulting in increased error in the
determination of oxygen uptake and carbon dioxide production
rates. This may be improved by reducing airflow rate and
increasing agitation rate in mechanically agitated bioreactors.
However, in bubble columns such as those used in this work,
air not only provides oxygen but also supplies sufficient energy
for mixing. In this work we had to use a relatively higher
airflow rate in small bubble columns compared to the larger
one to maintain oxidative conditions. This resulted in a lower
difference between inlet and outlet gas compositions, as shown
in Figure 17, resulting in reduced accuracy of the calculations.
Duboc and von Stockar?s have shown that the water content in
the off-gas predominantly influences oxygen measurements.
The calibration of airflow measurements is not an easy task,
especially in industrial environments.

The redundant measurements with data reconciliation pro-
vide improved estimation of conversion rates. The biomass
concentration and specific growth rate can be obtained from
reconciliated data with great accuracy, as shown in this work.
The direct determination of biomass concentration has been
attempted, and sophisticated sensors have been developed in
the literature. However, the use of biomass sensors is mainly
limited to either clear liquors or dilute fermentation broths. As
the trend moves towards using high cell density cultures, the
quality and accuracy of online measurements improve, as pre-
sented here. For instance, the relative contribution of other heat
sources compared to metabolic heat decrease; as a result, the
accuracy of heat flux measurement increase as the cell density
and volume of the bioreactor increase. Process engineers work-
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Figure 17. Comparison of exhaust gas compositions of
small and large bubble columns.
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ing in industry do not normally prefer to use sophisticated
instrumentation for process monitoring and control. Therefore,
common instruments combined with process knowledge can
provide valuable information for error diagnosis, state estima-
tion, and control of industrial bioreactors.

Acknowledgments

_ The authors gratefully acknowledge the contributions of E. Tiiller and O.
Oztiirk during the preparation of this work.

Notation
C, = concentration of i (kg/m?)
C,, = heat capacity (kJ/kg °C)
F, = flow rate of i (m*/h)
AH, = heat of combustion of i (kJ/kg)
P, = partial pressure of i (atm)
r; = rate of consumption or production of i (C-mol/m? h)
r, = volumetric heat production, (kJ/m* h)

= yield of i over j

= temperature (°C)

= volume (m%)

= biomass (kg/m?)

= measurable part of elemental composition matrix
= calculable part of elemental composition matrix
= measurable part of conversion rate vector
calculable part of conversion rate vector

= redundancy matrix

reduced redundancy matrix

variance-covariance matrix of error vector
variance-covariance matrix of residual vector
overall heat transfer coefficient (W/m? K)

area (m?)

carbon recovery

electron recovery

energy recovery

&
%;%>Q“u~q?°>c~.‘§?‘sm><<~1§
Il

Subscripts

= acid
= carbon dioxide
= bioreactor
= nitrogen
= oxygen
substrate
= product
= biomass
= transpose
= water
exchanger
air = air
in = inlet
out = outlet
ox = oxidative
red = reductive
eth = ethanol
sur = surface
surr = surrounding
sl, s2, s3 = hydrogen, oxygen, and nitrogen mole fraction in substrate
pl, p2, p3 = hydrogen, oxygen, and nitrogen mole fraction in product
xI, x2, x3 = hydrogen, oxygen, and nitrogen mole fraction in biomass

TNRT w QO X0 R
Il

o
=
.3

=
Il

Greek letters

8 = measurement error

& = residual vector

h = result of test function

vy = degree of reduction of I
w = specific growth rate (h™')
p = density of i, (kg/m?)
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