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a b s t r a c t

In this study, previously developed five different state estimation methods are examined and compared
for estimation of biomass concentrations at a production scale fed-batch bioprocess. These methods are i.
estimation based on kinetic model of overflow metabolism; ii. estimation based on metabolic black-box
model; iii. estimation based on observer; iv. estimation based on artificial neural network; v. estimation
based on differential evaluation. Biomass concentrations are estimated from available measurements
and compared with experimental data obtained from large scale fermentations. The advantages and
disadvantages of the presented techniques are discussed with regard to accuracy, reproducibility,
number of primary measurements required and adaptation to different working conditions. Among the
various techniques, the metabolic black-box method seems to have advantages although the number
of measurements required is more than that for the other methods. However, the required extra
measurements are based on commonly employed instruments in an industrial environment. Thismethod
is used for developing a model based control of fed-batch yeast fermentations.

© 2010 ISA. Published by Elsevier Ltd. All rights reserved.
1. Introduction

The monitoring of dissolved oxygen (DO), pH, temperature and
other easily measured variables provides information at minimum
level for the monitoring and control of bioprocesses. Complex and
high technology based (e.g. optical density, capacitance, ultrasonic,
NIR and flow injection analysis) sensors have been used for the
main state variables such as biomass, substrate or metabolite
concentrations while state estimation methods based on software
sensors are still popular, especially in large scale applications due
to the capacity and scope of their applications. The unmeasured
state variables mentioned above are generally determined by
offline analysis that is costly, time-consuming and contains great
information lags [1].

Over past decades, in situ optical density sensors, capacitance
and conductance based measurements, ultrasonic measurements,
NIR or MIR spectroscopy and flow injection analysis based on
sample withdrawal and measurement have become commercially
available. However, few sensors fulfill the requirement of in-
terferences and are sufficiently reliable for use at high biomass
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concentrations and viscosity values in an industrial environ-
ment [2–4]. In situ biomass concentrationmeasurements have dis-
advantages in industrial fermentations, especially in high biomass
concentrations and complex substrate containing applications.
Therefore, indirect methods using software sensors have been de-
veloped in order to overcome the drawbacks of in situ measure-
ments. Many techniques have been developed over the last few
decades for online estimation in biotechnological processes. Soft
sensors are based on mathematical algorithms that can produce
estimates of unmeasured variables from measured variables [1,5].

The application of software sensors to biotechnological pro-
cesses has been discussed inmany papers [1,6–9]. They can be clas-
sified according to the models used for their estimation:

• Mechanistic model based estimators.
• Black-box model based estimators.
• Hybrid model based estimators.

The mechanistic models are based on the first principle equa-
tions such as energy or mass balances. The black-box models,
which are not directly related to the physics of the process, use
empirical models for estimation. The empirical coefficients of the
model are adjusted according to the process experimental data.
The hybrid models on the other hand use a combination of mech-
anistic terms together with an empirical model [1].

Several mechanistic model based estimation studies have
been published for example, baker’s yeast [10–14] and penicillin
[15,16]. Several papers have been also published on black-box
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Nomenclature

A Area (m2)
Ci Concentration of i (kg/m3)
D Dilution rate (1/h)
DO Dissolved oxygen concentration
Em Measurable part of elemental composition matrices
Ec Calculable part of elemental composition matrices
Fi Flow rate of i (m3/h)
K Yield coefficient matrices
Mi Molar weight of i (kg)
qi Specific conversion rates of i (kg/kg h, Cmol/Cmol h)
ri Rate of consumptionor production of i (C-mol/m3 h)
rm Measurable part of conversion rate vector
rc Calculable part of conversion rate vector
So Substrate concentration (kg/m3)
X Biomass (kg/m3)
V Volume (m3)
Yi/j Yield of i over j
T Temperature (°C)

Subscripts

ox Oxidative
red Reductive
eth Ethanol
m Maintenance
pr Production
ae Aerobic
in Inlet
out Outlet
T Transpose
n Nitrogen
o Oxygen
e Ethanol
s Substrate
p Product
x Biomass
w Water
exch Exchanger

Greek Letters

µ Specific growth rate, (h−1)
ξ State variable
α Weight factor
β Weight factor

model estimators [17–19] and hybrid model based estimators
[20,21]. The black-box estimation techniques use appropriate ma-
thematical techniques to extract process behaviour from in-
put–output data. Neural network, linear ARMA, nonlinear NARMA
and Volterra modelling are commonly used in models based on
black-box estimation. Neural estimators use online primary mea-
surements to estimate process states. After online data are col-
lected, offline data must be found so that the NN can be trained.
Many works can be found in the literature for the purpose of es-
timating biomass concentration [15,17,22,23]. State observers are
interesting tools for the estimation of process states in bioprocess
monitoring and control. Indirect measurement of process states
that eliminating the unknown kinetic parameters can be possi-
ble by means of observers. Classical observers like Luenberger and
Kalman observers are based on exact knowledge of the model
structure. Asymptotic observers are based on the idea that the un-
certainty in the process models lies in the process kinetic mod-
els. The design of these asymptotic observers is based on the mass
or energy balances without requiring knowledge of process kinet-
ics [24–26].

In recent years, the stochastic search techniques such as genetic
algorithm, immune genetic algorithm and differential evolution
have gained popularity due to their easy searching abilities,
probabilistic natures and robustness. The Differential Evolution
(DE) developed by [27] is an improved version of the genetic
algorithm technique. In general, a simple genetic algorithm uses
binary coding for representing problem parameters, whereas DE
uses real coding of floating point numbers. DE’s algorithms have
been implemented in many areas such as digital filter design [28],
neural network learning [29], parameter estimation [30] and
optimization of chemical process [31,32] due to its advantages
(speed, robustness, ease of use and simple structure).

In this study, the results of five different biomass estimation
methods are compared on the basis of the estimation of biomass
concentration in industrial fed-batch yeast fermentation process.
These methods are used in different model based state estima-
tion and control studies individually in our group at different times
[17,33–36]. The proposed methods are: (1) estimation based on
kinetic model of overflow metabolism; (2) metabolic black-box
model based estimation; (3) asymptotic observer based estima-
tion; (4) artificial neural network based estimation and (5) differ-
ential evolution based estimation.

The same data sets are used to compare performances of esti-
mationmethods. The obtained estimation results and their conver-
gence to offline measurements are presented. The advantages and
disadvantages of estimation methods are discussed based on the
number of measurements required, ease of implementation and
required knowledge about process.

2. Basic metabolism of Saccharomyces cerevisiae

Yeast S. cerevisiae are used for the production of baker’s
yeast, ethanol and as a host organism for producing recombinant
proteins (e.g. for production of insulin for diabetics, vaccines, etc.).
Metabolic behaviour of the baker’s yeast fermentation process
can be defined by three different pathways: oxidative growth
on carbon source, fermentative growth on carbon source and
oxidative growth on ethanol [37,38]. The overall metabolism of
these three pathways can be shown by the following equation.

rsCH2ON0.0125 + rnNH3 + roO2

→ rxCH1.8O0.5N0.2 + rpCH3O0.5 + rcCO2 + rwH2O + rq. (1)

Yeast cells consume the carbon substrate as a source of energy
andbiosynthetic reactions. Depending on the concentration of sub-
strate in the medium, yeast cells can follow two different path-
ways: microbial growth or product formation. Product formation
can only be induced in excess glucose concentrations or in the ab-
sence of sufficient oxygen.

3. Materials and method

The experimental data have been obtained from two different
technical scale bubble column fermenters, onewith 25m3 volumes
(type D) and the other with 100 m3 volumes (type A, B, C). The
reactors are operated according to the predetermined substrate
(molasses, ammonia and airflow) profiles, temperature and pH
profiles (Figs. 1 and 2). The flows entering the fermenters are
substrate (molasses), ammonia, air, acid and anti-foam agent. The
carbon dioxide, oxygen (Servomex, 1400 B4 SPX) and ethanol
(Vogelbuch GS 2/3) concentrations are measured in gas phase in
the exhaust line. Molasses and 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 at 30 °C, pH
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Fig. 1. Progress of typical fermentation obtained in the 100 m3 technical scale reactor.
Fig. 2. Progress of a typical fermentation obtained in the 25 m3 pilot reactor.
4–7 optional according to the predetermined profiles by a closed
loop controller in PLC (Modicon, Micro CPU 612 03). In order to
remove heat generated during fermentation, the 100 m3 reactor is
equipped with an external plate heat exchanger while the other
25m3 reactor has cooling coils. The gravimetric method is used for
the reference of biomass concentration measurements, in which
the biomass concentration is quantified by its dry weight.

Four different types of fermentations were selected in order
to evaluate the performances of the estimation techniques. The
differences in the initial conditions and operating conditions
arise from the restrictive marketing conditions for the final
products. The following fermentations are carried out for testing
the performances of different estimation techniques:

• Type A fermentations are designed and operated to produce
minimum ethanol (≈%0) during fermentation at 100 m3

reactor.
• Type B fermentations are designed and operated to produce and

then consume a small amount of ethanol (≈%0.2) during the
first hours of fermentation at 100 m3 reactor.

• Type C fermentations are designed and operated to produce
some ethanol (≈%1) during the exponential phase of fermen-
tation at 100 m3 reactor.

• Type D fermentations are carried out at 25 m3 reactor and op-
erated according to produce and then consume a small amount
of ethanol (≈% 0.2) during the first hours of fermentation.

The measurements of the substrate feeding, biomass and
ethanol concentration are given in Figs. 1 and 2 respectively.

The substrate flows are controlled via the PID controllers. The
PID loops are managed by PLC (Modicon, Micro CPU 612 03) and
processmeasurements are collected via the SCADA system (Nema-
tron, Paragon V5.4). All the primarymeasurements are collected in
a one-minute sampling period. Tenminutes periods are used in the
calculation of conversion rates and the determination of biomass
concentration. The primary measurements and calculated conver-
sion rates are given in Table 1.

4. Development of estimation methods

4.1. Estimation based on kinetic model of overflow metabolism

The kinetic model of overflow metabolism is based on the
bottleneck model developed by Sonnleitner and Kappeli [39].
Depending on the exact model, the limited oxygen capacity or
excessive concentrations of sugar result in ethanol formation
in addition to some biomass. The sugar uptake rates (qs) are
calculated fromonlinemolasses feed ratemeasurements assuming
the process is in a quasi-steady state. The total sugar uptake rate is
calculated as below:

qs,tot =
(FSo) /Ms

XVf
. (2)

The specific reductive sugar uptake rate (qs,red) is calculated
using an online ethanol concentration measurement as follows:

qs,red =
(1Ce) /MEYE/S

XVf
. (3)

Here, 1Ce shows the difference in the ethanol concentra-
tion measurements. The specific ethanol consumption/production
(qe,ox/qe,pr ) rates are calculated using online ethanol measure-
ments in liquid phase:

qe,pr = qs,redYE/S

qe,ox = 1Ce/X .
(4)
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Table 1
Primary measurements and conversion rates.

Primary measurements Units Conversion rates Units Symbol

Air flow N m3/h O2 consumption rate mol/m3 h ro
Substrate flow rate m3/h CO2 production rate mol/m3 h rc
O2 concentration % Ethanol prod./cons. rate C mol/m3 h re
CO2 concentration % Substrate consumption rate C mol/m3 h rs
Ethanol concentration % Metabolic heat prod. rate kJ/m3 h rq
Liquid volume m3 Water production rate mol/m3 h rw
Cooling water flow rate m3/h Nitrogen consumption rate mol/m3 h rn
Cooling water inlet temp. °C Biomass production rate C mol/m3 h rx
Cooling water outlet temp. °C
Molasses temperature °C
Air temperature °C
Fermenter temperature °C
The oxidative sugar uptake rate, qs,ox, is calculated from the
difference between the total sugar consumption rate and substrate
utilized for ethanol formation as:
qs,ox = qs,tot − qs,red. (5)
Total specific growth rate is obtained by adding individual specific
substrate uptake rates multiplied by yield coefficients:

µ = Y ox
X/Sqs,ox + Y red

X/Sqs,red + Y ox
O/Eqe,ox. (6)

The biomass concentration is estimated by the following mass
balance equation:

dX
dt

= µX −
(FX)

V
. (7)

In this method, glucose substrate concentration is assumed to be
zero and measured substrate flow rate is converted to the specific
substrate uptake rates at quasi-steady state conditions. The specific
ethanol production or consumption rates are calculated by online
ethanol concentration measurements.

4.2. Estimation based on metabolic black-box model

In this approach, black-box process description is used and
the cell biomass is considered as a black-box exchanging material
with the environment [40]. All the relevant compounds and
their elemental compositions must be known in order to define
the conservation relations [41]. The rate vector for general
stoichiometry of yeast fermentation can be written as:

r = (rx, rp, rc, rw, −rs, −ro, −rn, rq)T . (8)
The elemental composition matrix including energy balance for
fermentation process can be written as in Box I. According to
general conservation law multiplying the elemental composition
matrices and conversion rate vector is zero, thus:
Er = 0. (10)
The conversion rate vector can be divided into measurable (rm)
and non-measurable (rc) conversion rates. Similarly, the elemental
composition matrix is also divided into measurable (Em) and non-
measurable (Ec) as
Emrm + Ecrc = 0. (11)
If the number ofmeasurable rates is equal to the degree of freedom
(F ), Ec matrix is in quadratic form and easily inverted as:

rc = −E−1
c Emrm. (12)

In the case Ec matrix is not in quadratic form, the matrix inversion
is calculated by Eq. (16) (pseudo inverse):

rc = −(ET
c Ec)

−1ET
c Emrm. (13)

The measurable rates (rm) can be improved using relative errors,
redundant measurements and reconciliation algorithms given
in [33,41,42].
The specific conversion rates used in the estimation models
are derived from the primary measurements. The primary mea-
surements are converted to appropriate units (mol/L, C mol/L)
and then applied to the estimation models. In this study, the O2
consumption rate (ro), CO2 production rate (rc), ethanol produc-
tion/consumption rate (re), substrate consumption rate (rs) and
metabolic heat production rate (rq) are used as measured conver-
sion rates.

The oxygen uptake rate and carbon dioxide production rates are
determined as below using inert gas balance:

ro =
Fn
V


P in
O2

1 − P in
O2

− P in
CO2

− P in
W

−
Pout
O2

1 − Pout
O2

− Pout
CO2

− Pout
W


(14)

rc =
Fn
V


P in
CO2

1 − P in
O2

− P in
CO2

− P in
W

−
Pout
CO2

1 − Pout
O2

− Pout
CO2

− Pout
W


. (15)

Substrate consumption rate, rs, is determined at a quasi-steady
state by measuring the molasses feed rate, thus:

rs =
FSo
VL

. (16)

Ethanol production/consumption rate, re, is determined by online
measuring alcohol concentration of the broth, thus:

re =
1E
VL

. (17)

Metabolic heat production rate is determined using dynamic en-
ergy balance around the fermenters as follows:

ρCp,b
d(VT )

dt
= qfeed + qmetabolic + qexchanger + qsurface

+ qevaporation + qradiation + qCO2
+ qacid. (18)

The contribution of each term apart from qmetabolic in Eq. (18) is
computed from online primary measurements [37,38]. Metabolic
heat production rate is calculated when the left hand side of Eq.
(18) is set to zero since the temperature of the broth is controlled
at a set value.

Once all the rates other than rx, rn and rw are calculated from
the primary measurements discussed above, the rx, rn and rw
are computed using Eq. (13). Then the biomass concentration is
estimated by integrating volumetric biomass production rate rx.

As seen above, there are many primary measurements (ethanol
concentration, exhaust gas, substrate flow, cooling water flow
rate, cooling water in–out temperature, substrate feed rate and
temperature) in order to setup estimation structure in industrial
environment, but they are reliable, cheap and easy to implement.

4.3. Estimation based on observer

The general state space dynamical model can be written for
biotechnological processes as follows [43]:
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9)
E =


biomass ethanol CO2 H2O glucose oxygen ammonia heat

1 1 1 0 1 0 0 0
1.83 3 0 2 2 0 3 0
0.56 0.5 2 1 1 2 0 0
0.17 0 0 0 0.0125 0 1 0
560 683 0 0 467 0 383 −1


carbon balance
hydrogen balance
oxygen balance
ammonia balance
energy balance

(

Box I.
dξ
dt

= Kϕ(ξ) − Dξ + F − Q (19)

where ξ,Q , F involves n components, ϕ involves m reaction rates
and K is (N × M) size yield coefficient matrix. The general
dynamical model equations for the fed-batch fermentation can be
written based on the mass balance equations:

d
dt


X
S
E
O
C

 =


1 1 1

−Y ox
X/S −Y red

X/S 0
0 Y red

X/E −Y eth
X/E

−Y ox
X/O 0 −Y eth

X/O
Y ox
X/C Y red

X/C Y eth
X/C


µox

s
µred

s
µox

e

 X

−D


X
S
E
O
C

 +


0

DS in
0

OTR
−CPR

 . (20)

The O2, CO2 in gas phase and ethanol in liquid phase can
be measured in industrial environment. However, due to linear
dependency of these states, the corresponding yield matrix will be
ill-conditioned [44]. Since the inversion of this matrix is required,
the numerical implementation is extremely sensitive to numerical
errors [26]. In order to overcome this drawback, the partial model
is used as suggested by Pomerleau and Perrier [44]:

The fermentative partial model is stated as:

d
dt


X
S
E
O
C

 =


1 1

−Y ox
X/S −Y red

X/S
0 Y red

X/E
−Y ox

X/O 0
Y ox
X/C Y red

X/C


[

µox
s

µred
s

]
X

−D


X
S
E
O
C

 +


0

DS in
0

OTR
−CTR

 . (21)

The respirative partial model is stated as:

d
dt


X
S
E
O
C

 =


1 1

−Y red
X/S 0

Y red
X/E −Y eth

X/E
0 −Y eth

X/O
Y red
X/C Y eth

X/C


[
µox

s
µeth

e

]
X

−D


X
S
E
O
C

 +


0

DS in
0

OTR
−CTR

 . (22)

By means of asymptotic observer equations, the unmeasured
process states and specifically biomass concentration can be
calculated as:
Table 2
Parameters used in biomass estimation based on kinetic model of overflow
metabolism and estimation based on observer [43].

k1, Y ox
X/S 3.65 C mol/mol k2, Y red

X/S 0.36 C mol/mol
k3, Y red

X/E 0.19 C mol/mol k4, Y eth
X/E 1.35 C mol/mol

k5, Y ox
X/O 1.56 C mol/mol k6, Y eth

X/O 0.83 C mol/mol
k7, Y ox

X/C 1.45 C mol/mol k8, Y red
X/C 0.2 C mol/mol

k9, Y eth
X/C 1.99 C mol/mol

d
dt

Z1
Z2
Z3


= −D

Z1
Z2
Z3


+

 0
DS in
0


− KcK−1

m

[
OTR
CTR

]
(23)

X̂
Ŝ
Ê

 =

Z1
Z2
Z3


+ KcK−1

m

[
O
C

]
. (24)

Here, OTR and CTR are defined as the oxygen transfer rate
and the carbon dioxide transfer rate respectively. The values of
the parameters used in biomass estimation are based on known
yield estimation and estimation based on observer presented in
Table 2 [45].

In this method, only exhaust gas concentrations are measured
and detailed mathematical operations are used.

4.4. Estimation based on Artificial Neural Network (ANN)

Among the techniques used for the development of a soft-
sensor, ANN is a popular approach in the literature. Two different
neuro-soft sensors to estimate biomass concentration and specific
growth rate were examined previously in our group, with different
input variables for the estimation of biomass concentration, and
specific growth rate for large scale fermentations [17]. The inputs
of the first type neuro-soft-sensor developed are fermentation
time (t), respiratory quotient (RQ) and molasses feeding rate (Fs).
These were appropriately chosen among available measurements.
The output of the neural network is the total specific growth
rate (µ). Three layered feed forward neural network architecture
was used for the ANN estimator and the Levenberg–Marquardt
(LM) training algorithm was used for obtaining suitable network
parameters. Each training and test sets included 360 input/output
sample data taken from the fermentation operated on process
model with predetermined molasses feeding profiles. The initial
conditions for fermentation were fixed for all training sets, but
differed for some test sets. In order to observe the performance
of the network, eight fermentation data sets were used from the
production process. The inoculum sizes of the seven data sets were
approximately the samebut one had twice the amount of inoculum
than the others. The estimation error for the last data was bad and
could not be accepted. To overcome the estimation error occurring
in the previous type estimator based on the process model, a
new estimator (second type) was designed to estimate biomass
concentration based on experimental data. The architecture of this
soft biomass sensor is shown in Fig. 3.

As can be seen from the figure, input variables of the network
were chosen as elapsed time (t), molasses feeding rate (Fs), %CO2
in outlet gas, %Ce in liquid phase and inoculum size (Cxo) and all
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Fig. 3. Architecture of the three layered feed forward neural network estima-
tor [17].

of them were available online. Normalizing to the [0–1] interval,
all these variables were supplied to the network. The network has
six input node and four neurons with logistic sigmoid activation
functions in the input layer and the hidden layer respectively and
one neuron in the output layer with piecewise linear activation
function. The output of the network is the normalized increase
in biomass concentration. Network output is denormalized and
inoculum size (Cxo) is added to this output. Hence, the biomass
concentration is computed at each time step. This network was
trained with Levenberg–Marquardt (LM) training algorithm using
five industrial scale fermentation data sets and validated with two
data sets. As a result, second type ANN estimatorwas robust for the
various initial inoculumsizes andused in this paper for comparison
with the other estimation methods [17].

4.5. Estimation based on differential evaluation

Differential evaluation (DE) adds the weighted difference be-
tween two individuals randomly selected in population to a third
individual [46]. TheDE creates newcandidate solutions by combin-
ing the parent individual and several other individuals of the same
population. The candidate replaces the parent only if it has better
fitness [47]. The DE comprises three important parameters: scaling
factor SF , crossover probability constant CR and population size PS.
In the proposed differential evolution based estimation method,
the crossover probability constant CR can be calculated as a func-
tion of the generation number as given below:

CR = CR0 · e−(g−1)/10. (25)
Fig. 4. Biomass curves obtained by the metabolic black-box model for type A, B, C and D fermentations and offline biomass measurements.



A. Hocalar et al. / ISA Transactions 50 (2011) 303–314 309
Fig. 5. Biomass curves obtained by the estimation based on kinetic model of overflow metabolism for type A, B, C and D fermentations and offline biomass measurements.
CR0 represents the initial value of the crossover probability con-
stant and g denotes the generation number. The DE algorithm
consists of three genetic operators: mutation, crossover and selec-
tion. Mutation and crossover operators generate new individuals
and selection operator determines suitable individuals,which have
best fitness values and in this way population has the better in-
dividuals. There are several variations of DE [27]. In this proposed
estimationmethod, the DE scheme often used in practice is consid-
ered as a strategy that is represented with notation of DE/rand-to-
best/1/bin. The DE based estimator assumes that µ̂ is the estimate
value of the total specific growth rate (µ) at time k and biomass
concentration X(k+ 1) and ethanol concentration E(k+ 1) are es-
timated at time k + 1 by equations given below [35]:

X̂ (k + 1) = f

µ̂(k), X̂(k), F(k), V (k)


(26)

Ê (k + 1) = g

X̂(k), Ê(k), F(k), V (k), qe,pr(k), qe,ox(k)


. (27)

In this study, total fermentation time is divided into subinter-
vals to overcome the heavy computing conditions, and the esti-
mation problem is solved one by one for these calculation stages.
The DE approach is run during a fixed time interval until a conver-
gence criteria (ε) of the evaluation function is reached and at the
end of each calculation stage biomass concentration is estimated
using the best specific growth rate determined by the proposed
approach. Table 3 gives the values of parameters used in biomass
estimation based on DE.
Table 3
Parameters used in biomass estimation based on DE approach.

Parameter name Symbol Value

Number of population members PS 15
Initial crossover probability constant CR0 0.75
Scaling factor SF 0.1
Stop criteria value ε 1e−12
Length of subintervals (h) N 0.5

5. Results and discussions

The obtained biomass estimation curves and offline biomass
measurements are given in Figs. 4–8 for each estimation method
respectively. When the biomass curves are examined in Fig. 4,
biomass estimations obtained by the metabolic black-box model
closely match offline measurements for each fermentation type.
Although there are differences in initial conditions and fermenta-
tion characteristic, the biomass estimations are very close to the
offline estimations in metabolic black-box model estimation. The
biomass estimations were obtained more accurately by means of
reconciliated reaction rates. The main reasons are the precise de-
scription of process input/outputs, redundant measurements and
reconciliation. In this study, energy balance is used as redundant
measurement in order to obtain more accurate reaction rates and
biomass concentration estimations.

In the estimation based on kinetic model of overflow metabo-
lism, all the process parameters and yield coefficients are assumed
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Fig. 6. Biomass curves obtained by the observer model for type A, B, C and D fermentations and offline biomass measurements.
known and not changed during fermentations. It can be seen in
Fig. 5 that yeast cell model estimations were getting diverging
during the second half of fermentations while matching closely
at the beginning. Although there are differences in the structure
of fermentations, the time varying process parameters could
be the main source of the deviation in biomass estimations.
Türker [37] has shown that for similar fermentations the yield
coefficients varied along the fermentation. For the highly nonlinear
fermentation process this static approach may not be suitable for
biomass or specific growth rate estimations. In order to overcome
this drawback, kinetic parameters and yield coefficients must be
identified along the process. This can be done by online parameter
identification algorithms or by employing look-up tables for the
yield coefficients.

The asymptotic observer was implemented for the same fer-
mentations data and the obtained biomass estimation curves are
presented in Fig. 6. Themain problem in observer based estimation
was the low speed of convergence of estimation especially in first
hour of fermentations. However, the advantage of the observer is
that it requires less measurement compared to the other methods.
As can be seen from the figure, the biomass curves are not as close
to offline measurements as other model estimations. These differ-
ences may result from the structure of model equations and fixed
yield coefficients.

The neural network estimator used in this study was formerly
developed and operatedwith predetermined network parameters.
The performance of the neural estimator is shown in Fig. 7. As can
benoted from this figure, the performance is approximately similar
for A and B type fermentations. The estimated biomass curves for
type C fermentations are worse in comparison with the others. In
fact, the main reason is that the network’s training data set did
not mainly include data like type C and D fermentations. In neural
networks, it is well known that supervised training input/output
samples should be distributed as homogeneously as possible in the
input and output domain, otherwise, the trained neural network
may give unexpected outputs for an area from which no samples
are taken for training [17]. From the this point of view, it can
be said that if the network could be formerly trained with the
data obtained under as many different fermentation conditions
as possible, the results obtained from type C and D fermentation
would not occur.

The performance of the DE based estimator is given in Fig. 8.
The biomass concentration values are fairly close to, especially,
the experimental data of type A and type C and besides for the
other data sets it can be seen from Fig. 8 that this has successful
performances except for some parts of the fermentation process.

The kinetic model of overflow metabolism, observer and ANN
based estimation results have a validity problem in comparison
with the other estimationmethods used in this study. Because ANN
training is held on industrial scale fermenters data, the online and
offline biomass estimations have significant differences when it is
applied to data sets obtained from a pilot scale fermenter.
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Fig. 7. Biomass curves obtained by the ANN model for type A, B, C and D fermentations and offline biomass measurements.
In order to evaluate the performances of the soft sensors the
root mean square error of prediction is used:

RMSEP =

 1
K

K−
k=1

( ⌢y k − yk)2 (28)

where K is the number of data points. The obtained results are
given in Table 4. The lower RMSEP values indicate more accurate
estimations. As can be seen in the table, the RMSEP values regard-
ing the biomass estimations obtained by the metabolic black-box
modelling are lower than the othermodelling estimations. Theper-
formance results of the estimator using DE approach are gener-
ally better than those of other estimation techniques except the
metabolic black-box based model. Furthermore, the RMSEP val-
ues of DE approach and the metabolic black-box model are al-
most close to one another for data of type A and type D. In short,
the DE based estimator can be regarded as the estimator that has
the closest performance to the metabolic black-box model based
estimator.

The high performance of metabolic black-box modelling is the
result of consistency of modelling, measurements and redundancy
in measured process variables. Although the kinetic model of
overflow metabolism and observer estimation methods use least
number of process measurements (two measurements), their
dependence on process kinetics and initial conditions give low
estimation performance. The metabolic black-box estimation
model uses more process measurements than the other methods,
but redundant measurements and the simplicity of measurements
give a competitiveness over the other models.

6. Conclusion

In this study, different estimation algorithms are compared
with each other using experimental data obtained from industrial
fermentations. The estimation methods are evaluated in terms of
the number of measurements required, difficulty of implementa-
tion and required process knowledge. The evaluation results and
required measurements presented in Tables 5 and 6. When the
different estimation methods are compared in terms of primary
measurements required, only metabolic black-box model requires
more measurements that the others. However, the most of the
measurements are simple and commonly available in industrial
environment.

The estimation based on a kinetic model of overflow metabo-
lism can be used for biomass estimation purposes if the kinetic
model and yield coefficients are known but any changes in process
conditions will give suspicious results. Observer based estimations
show dependency on detailed mathematical knowledge and yield
coefficients. The biomass estimations obtained by means of the
metabolic black-box modelling shows good convergence with
offline measurements with respect to other techniques. The
elemental and heat balances are the basis of this modelling
approach. In addition, thismethod does not require a priori process
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Fig. 8. Biomass curves obtained by the DE model for type A, B, C and D fermentations and offline biomass measurements.
Table 4
The obtained root mean square errors of predictions.

Overflow metabolism Observer ANN Metabolic black-box DE

A 0.1849 0.3777 0.2638 0.1296 0.1213
B 0.4108 0.3580 0.2608 0.0697 0.2107
C 0.3315 0.3328 0.2964 0.0875 0.1725
D 0.2597 0.6145 0.4311 0.2181 0.2010
Table 5
Practical evaluation of the estimation methods.

Methods Advantages Disadvantages

Estimation based on kinetic model of
overflow metabolism

Simple model to implement, few measurements
required

Need detailed process knowledge, yield coefficient may not be
constant throughout fermentation, bad convergence for different
fermentations

Metabolic black-box model based
estimation

Simple model to implement, high estimation
accuracy, no need to know any process
parameters

More measurements required

Observer based estimation Few measurements required Yield coefficient must be known, detailed mathematical
knowledge, bad convergence for different fermentations

Artificial neural network based estimation No need of process knowledge Need much training process data, sensitive to the initial
conditions

Differential evolution based estimation Few measurements required, good convergence
for different fermentations

Long response time as depending on high value parameters
selected for DE
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Table 6
The measurements used in models.

Measurements Methods
Estimation based on
kinetic model of
overflow metabolism

Metabolic black-box
model based estimation

Observer based
estimation

Differential evolution Artificial neural network
based estimation

Molasses flow + + + +

Ethanol + + + +

O2 + + +

CO2 + + +

Air temp. +

Airflow + +

Temperature +

Flow of cooling water +

Inlet temp. of cooling
water

+

Outlet temp. of cooling
water

+

Molasses temp. +

Elapsed time +
knowledge such as kinetic and yield parameters. However, it
requires more measurements compared to other methods but
thesemeasurements are simple and easy to implement in practice.
ANN based estimation requires large number of training data
to cover different process conditions. It can be implemented in
processes where quantitative process knowledge is not available.
In DE based estimation, fewmeasurements are required relating to
the process, such as ethanol, oxygen concentration and molasses
flow. The DE based estimations are satisfactory for both of the
reactors having different dimensions and are irrelevant of the
reactor size.
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