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Despite their importance, rigorous process models are rarely available for reaction
and especially multi-phase reaction systems. The high complexity of these systems,
which is due to the superposed effects of mass transfer and intrinsic reaction, is the
major barrier for the development of process models. A methodology that allows
the systematic decomposition of mass transfer and chemical reaction and thus enables
the efficient identification of multi-phase reaction systems is proposed in this work. The
method is based on the so-called Incremental Identification Method, recently presented
by Brendel et al., Chem Eng Sci. 2006;61:5404-5420. The method allows to easily test
the identifiability of a system based on the available measurement data. If identifiabil-
ity is given, the intrinsic reaction kinetics can be identified in a sound and numerically
robust manner. These benefits are illustrated using a simulated 2-phase enzyme reac-
tion system. � 2009 American Institute of Chemical Engineers AIChE J, 55: 1009–1022, 2009
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Introduction

Multi-phase catalytic systems play an important role in
today’s chemical industry because they allow the immobiliza-
tion of homogeneous catalysts and an efficient product separa-
tion.1 Zimmermann2 states that ;95% of all chemical process-
ing steps are heterogeneous. Despite the high importance of
multi-phase chemical systems, mechanistic modeling of these
systems is rarely done, although the major model ingredients,
that is, widely accepted constitutive equations describing mass
transfer as well as reaction kinetics, are readily available. The
most challenging part remains the identification of the struc-
ture of reaction kinetic and mass transfer laws along with the
model parameter values.3 In multi-phase systems, mass trans-
fer and reaction kinetics are superposed and therefore the
available concentration measurements reflect the sum of both
effects, mass transfer and chemical reaction. This situation ren-
ders the identification of reaction kinetics in multi-phase sys-

tems a particularly complex task. Therefore, mass transfer
effects are typically not treated explicitly during the identifica-
tion of multi-phase reaction systems but the sum of both
effects, mass transfer and intrinsic reaction kinetics, is investi-
gated.4Although followed frequently, this approach does not
generally allow to identify the intrinsic reaction kinetics in a
sound manner. Rather, some lumped model is obtained, which
reflects reaction kinetics masked by mass transfer effects.5

However, knowledge of the intrinsic reaction kinetics is indis-
pensable for a valid process model. Only if the effects of
both—intrinsic reaction and mass transfer—are known, predic-
tions on the process behavior in other hydrodynamic regimes
can be made. Thus, scale-up or a rigorous optimization of the
reaction conditions and media can also only be performed
based on knowledge of the intrinsic reaction and mass transfer
kinetics.6,7 However, because of the high complexity of the
identification of multi-phase reaction systems, it is still com-
mon practice to concentrate investigations on lumped models
(see for instance, the recent works by Hu et al.,4 Ganapati and
Neesha,8 and Saito et al.9).

Thus, for multi-phase reaction systems, a gap exists
between the high value of mechanistic process models on the
one hand and the high burden of obtaining these models on
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the other hand. We therefore present a methodology in this
work that allows the efficient identification of multi-phase
reaction system models and thus bridges the aforementioned
gap. It allows to decouple the mass transfer and reaction
kinetics and thus leads to a sound identification of the intrin-
sic reaction kinetics. The method is based on the incremental
identification method,10 which has been successfully applied
to the identification of multi-component diffusion11 as well
as a homogeneous enzyme-catalyzed reaction system.12

Established Methods for the Identification of
Multi-Phase Reaction Systems

Multi-phase reaction systems

Multi-phase reaction systems are usually distinguished
according to their Hatta number (Ha), which relates the
velocity of the chemical reaction to the velocity of the mass
transfer. If Ha \ 0.3, the reaction is considered being slow
compared with the mass transfer, that is, the reaction is the
rate limiting step, and the concentrations in both phases can
safely be assumed being in equilibrium at all times.13 If
0.3 � Ha � 2, the system is in the so-called intermediate
regime. Here, part of the reaction occurs within the film and
another part in the bulk phase.13 For Ha [ 2, the system is
mass transfer limited. The Hatta number and thus the rate
limiting step can in general be influenced by the amount of
catalyst present in the system and the energy input by stirring
as done for instance in the investigations of Quadros et al.14

Independent of the setting in which the reaction usually
occurs, it is strongly recommended to conduct the experi-
ments for the identification of the reaction laws in the reaction
limited regime and for the identification of the mass transfer
laws in the mass transfer limited regime. In case of a mass
transfer limited reaction system, the reaction laws can not be
determined, because the system’s behavior and thus the meas-
urable concentration profiles solely depend on the mass trans-
fer rates.15 In case of the intermediate regime, both, reaction
and mass transfer rates are in principle identifiable, but the
problem becomes unnecessarily complex, because reaction
and diffusion laws have to be identified at the same time.14 In
addition, a relevant part of the reaction occurs within the film
between the phase interface and the bulk phase. Here, the
concentration is not constant and thus in general, a spatially
distributed model has to be employed and spatially distributed
measurements within the film are required, except the reac-
tion is known to be of first order. In this special case, the con-
centration profile in the film can be calculated and no spa-
tially distributed measurements need to be available.16 How-
ever, in the general case of an unknown reaction mechanism,
this is not possible.16 In case of the reaction limited regime,
the mass transfer does not need to be modeled explicitly,
because equilibrium can safely be assumed at all times.15

Initial rates method

The identification of multi-phase reaction systems is a
challenging task, and the classical identification methods are
not well suited for this case. The initial rates method is well
known15 and has frequently been applied for the identifica-
tion of reaction systems.17–19 Here, the initial reaction rate is
calculated from an estimate of the initial slope of the concen-

tration trajectory, which is typically obtained by manually
drawing the tangent to the first measurement data. Various
initial conditions with all but one component provided in
high surplus are used. This allows to obtain a set of initial
conditions and initial reaction rates. This set of rates and cor-
responding concentrations is used to estimate the parameters
in the kinetic rate expression by some sort of nonlinear least-
squares approach. It is obvious, that this method requires a
comparably high amount of measurement data because for
each experiment, just one initial rate value is obtained. Fur-
thermore, the estimation of a time derivative of a measured
signal constitutes an ill-posed problem,20 which can not prop-
erly be solved from few (error prone) experimental data
points in principle. In addition, the method cannot be used in
all settings. As shown by Zavrel et al.,21 it is for instance not
applicable in biocatalytic reactions where two identical sub-
strates bind to one enzyme. Multi-phase systems can usually
not be identified with this method, either. The concentration
change due to mass transfer usually dominates at the begin-
ning of the process, and thus the initial change in concentra-
tion does not allow to calculate the initial reaction rate. The
situation is similar in case of fed-batch experiments, where
the observable concentration change is due to the reaction(s)
and the feed flow. In addition, multi-phase systems are often
designed to allow a simple product separation. Thus, it is
desirable to have a low solubility of the products in the reac-
tion phase. This, however, renders it infeasible to provide the
products in high surplus, such that a potential product inhibi-
tion can not be identified. Despite these and other limitations
and although more advanced techniques are known,22 the
method is still popular in the (bio)chemists’ communities
(see for instance, the recent works17–19,23,24).

Simultaneous identification method

Another approach to the identification task is the so-called
integral or simultaneous method, which is also known as pro-
gress curve analysis in the (bio)chemists community.25 A
dynamic model of the process is at the core of this method.
The model, which in general consists of differential and alge-
braic equations (DAE-model), is then used to identify the
reaction kinetics using dynamic parameter estimation techni-
ques.26,27 The method is ubiquitously applicable, and no limi-
tations to a specific problem class exists. Thus, homogenous
and heterogeneous systems can be identified in the same man-
ner, provided that identifiability is given.28 In contrast to the
initial rates method, where the estimation of the initial slope
inevitably introduces a bias to the final parameter estimates,
this method allows (under suitable assumptions) to compute
the statistically optimal parameter values. However, the
method comprises some drawbacks. First of all, it requires
special purpose software for the dynamic process simulation
and parameter estimation, which, in addition, is computation-
ally expensive, because either the model has to be integrated
repeatedly29 or a, generally large, nonlinear programming
problem has to be solved.30–32 In case structurally different
model alternatives have to be considered for each kinetic phe-
nomenon, an exponentially growing number of models has to
be analyzed.10 This problem becomes obvious considering a
simple reaction system comprising four parallel reactions. If
the mechanisms of the reactions were unknown, different
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alternatives had to be considered for each reaction. If, for
example, four alternative model candidates are possible for
any of the four reactions, 44 5 256 different combinations of
submodels have to be considered, because the method does
not allow to identify the mechanisms of individual reactions
independently of other reactions occurring in the system.
Later, we will demonstrate that the method presented here
allows the decomposition of the kinetic phenomena and thus
reduces the number of models that have to be identified to
4 3 4 5 16 in this case. An exemplary homogeneous reaction
system comprising four reactions has been identified with the
incremental method by Brendel et al.10

In addition, using the simultaneous method, a model that
is structurally wrong in a single kinetic expression, either a
single mass transfer or reaction kinetic law, will generally
result in an overall unsatisfying model performance. The
source of this misfit, however, is usually hard to determine
because the results of the parameter estimation just show a
good or a bad fit but do not allow to reason the influence of
the individual rate laws. This is in contrast to the method
presented here, where each reaction and mass transfer model
can be tested individually for suitability.

The most severe problem of the simultaneous approach,
however, is the need for good initial parameter guesses. Dif-
ferent problems can arise if no good initial parameter guesses
are available. Bad initial guesses might lead to numerical
problems during model integration, as process states hitting
bounds or reaching infinity. These and other numerical pit-
falls are discussed in detail in Chapter 4.2 of the book by
Schittkowski.27 Another problem is the presence of local
optima. Dynamic parameter estimation algorithms typically
search for local optima, only. Hence, a good model candidate
might be deemed inadequate based on a bad fit of the mea-
surement data that is due to the locally, but not globally opti-
mal parameter values. This problem could be avoided by
applying global optimization algorithms for the solution of
the parameter estimation problem.33 Unfortunately, it is not
yet possible to apply global optimization strategies to rele-
vantly large models.34,35 Another approach to lower the risk
of identifying only locally optimal parameter estimates is to
first conduct initial rate measurements to obtain good initial
guesses for the model parameters and then apply the simulta-
neous method in a second step using the available initial
guesses.36 However, as mentioned above, initial rate experi-
ments are not always feasible and can, for instance, hardly
be used in case of multi-phase reaction systems.

These remarks clearly show that the identification of
multi-phase reaction systems is a complex task and that an
efficient identification method is still lacking. Because of
these complications, the identification of multi-phase systems
is often performed on a rather qualitative level and only the
sum of both effects, reaction and mass transfer is identified,
or no model identification is performed at all.37,38 For scale-
up, process optimization, and process control, however, exact
process models are needed. Thus, in the next section, we will
introduce a new method based on the incremental identifica-
tion method,10 which allows the efficient identification of
multi-phase reaction systems. The method follows a multi-
step approach, including steps to obtain initial guesses of the
parameters close to the optimal solution and a last step to
obtain statistically sound parameter values.

A Novel Multi-Step Approach to
the Identification of Multi-Phase
Reaction Systems

The method presented here is an extension of the incremental
identification method presented by some of the authors10 to the
general case of multi-phase reaction systems. One main idea of
the suggested approach to the identification of multi-phase reac-
tion systems is to replace the integration of the dynamic model
by the differentiation of the measurement data, thereby decom-
posing the identification task into a sequence of fully transpar-
ent steps, each of which is of comparably low complexity. The
estimation of derivatives based on measurement data and the
subsequent use of this information in a parameter estimation
framework is also presented elsewhere.39 The more general
idea of using derivatives estimated from measurements to
obtain information on a system under investigation has first
been presented by Ramsay and Munhall with application to a
biomechanics problem.40 Spline functions have also been used
to enhance the quality of parameter estimates in dynamic pa-
rameter estimation problems in a nuclear engineering context.41

The method presented here will in detail be explained con-
sidering a general reaction system with np phases, nc compo-
nents, and nr reactions as shown in Figure 1. The identifica-
tion of this generic multi-phase system can be divided into
the following seven steps:

1. System reformulation.
2. Identifiability analysis.
3. Estimation of component flows.
4. Estimation of kinetic rates.
5. Estimation of kinetic model parameters.
6. Identification of the most suitable model structures.
7. Simultaneous correction step.

Some of these steps may have to be carried out repeatedly,
depending on the model candidates and the available measure-
ment data. The seven steps will now be described in detail.

Figure 1. Scheme of a generic multi-phase reaction
system.
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Step 1: System reformulation

In the first step, the system reformulation, certain notation
rules are applied to transform the multi-phase system repre-
sentation into a pseudo-single phase representation. Let us
consider a general reaction system consisting of nc compo-
nents and np perfectly mixed phases. The reformulation starts
by indexing the phases by j [ Sp and the components by i [
Sc, with Sc being the set of nc components and Sp being
the set of np phases. The volume of phase j is indicated by
Vj and the molar concentration of component i in phase j is
denoted as ci,j. Furthermore, component feed Fi,j and effluent
Ei,j streams are assumed being potentially present for any
component in any phase. For the sake of a simple representa-
tion, we assume constant volumes in all phases. The exten-
sion to time varying volumes is possible and can easily be
worked out.

Assuming also mass transfer of any component across any
of the npi 5 np21 phase interfaces,

nmt 5 npi* nc unknown mass transfer rates* have to be
considered. With nr,j reactions occurring in phase j

nr ¼
Xj¼np

j¼1

nr;j (1)

reaction rates result. Hence, a model involving ccp 5 nc* np
pseudo-components and nk 5 nr 1 nmt generally unknown
kinetic laws (comprising both, chemical reaction and mass
transfer) can be developed. Note that the same chemical
component occurring in more than one phase is accounted
for as a separate pseudo-component. The pseudo-components
can in principle be ordered arbitrarily. However, for later
processing, it is advantageous to order them such that the
first pseudo-component is the first component in the first
phase, the second pseudo-component is the second compo-
nent in the first phase, and the last pseudo-component is
component nc in phase np.

The nr reactions can be described by np stoichiometric
matrices, whereas Nj with j [ Sp describes the reactions
occurring in phase j. Each stoichiometric matrix is of size
nr,j 3 nc. Following the pseudo-component concept, the reac-
tions in all phases can be described by the lumped stoichio-
metric matrix

Nar ¼

N1 0 � � � 0

0 N2
..
.

..

. . .
.

0

0 � � � 0 Nnp

2
66664

3
77775:

Each chemical reaction is assumed to be written as a re-
versible reaction, comprising a forward reaction (r1) and a
backward reaction (r2). The resulting total reaction rate is
r 5 r1 2r2, and the sign of r indicates the direction of the
net production or consumption. Note that, although we
assume reversible reactions in any case, we use just a single
arrow to indicate a reaction. The direction of the arrow is

based on the direction of the reaction implicitly assumed by
the choice of the sign of the stoichiometric coefficients.

Because mass transfer and chemical reactions result in
same terms in the balance equations of the segregated and
well-mixed phases, it seems reasonable to treat them in a
unifying manner. Hence, mass transfer of chemical compo-
nent Ci between phases j and j 1 1 will be described as a set
of pseudo-reactions according to

Ci;j ! Ci;jþ1; i 2 Sc; 1 � j � npi (2)

giving the pseudo-stoichiometric matrix for the mass transfer
kinetics

Nmt ¼

�1 0 � � � 0 1 0 � � � 0

0 �1 0 � � � 0 1 � � � ..
.

..

.
0 . .

.
0 � � � 0 . .

. ..
.

0 � � � 0 �1 0 � � � 0 1

2
6664

3
7775:

In general, the size of Nmt can be reduced drastically,
because the solubility of some components will be practically
zero in some phases, and thus the number of pseudo-compo-
nents can be reduced.

Nmt implicitly contains information on the direction of
each mass transfer rate in form of the signs of the stoichio-
metric coefficients. All mass transfer rates are formally
assumed to proceed from phase i to phase i 1 1, which is
mechanistically unreasonable. Therefore, it is important to
mention that the direction, postulated for mass transfer, does
not need to be known a priori. Parallel to the case of a reac-
tion, a negative mass transfer rate will be calculated, if the
mass transfer proceeds in the opposite direction. Conse-
quently, the rate law to be identified should also give nega-
tive values in this case, if it is mechanistically correct.

Finally, the whole multi-phase reaction system of nc com-
ponents, np phases and nr reactions can be described as a
pseudo-single phase system comprising the set Spc of npc
pseudo-components and the set Sk of nk pseudo-reactions.
The system can thus be described introducing the pseudo-
stoichiometric matrix

Np ¼ Nar

Nmt

� �

of size nk 3 npc. This definition of Np also orders the
pseudo-rates such that the first nr pseudo-rates represent reac-
tions and the last nmt pseudo-rates represent mass transfer.

Step 2: Identifiability analysis

The second step, the identifiability analysis, is based on a
rank analysis of the so-called measurement matrix Nm. This
matrix derives from the pseudo-stoichiometric matrix Np by
zeroing all columns representing nonmeasured pseudo-com-
ponents. The complete reaction system can only be identified
using the incremental method if Nm has full rank. If Nm is
rank-deficient, it is still possible to estimate a subset of the
reactions which in turn allows to identify a subset of the
model parameters. A detailed description of the procedure

*Because mass transfer is area specific, the term mass transfer flux rather than
mass transfer rate should be used; however, to keep the notation of reaction and
mass transfer kinetics identical, we will use the term mass transfer rate throughout
the article.
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that also explains, which rates can be estimated based on the
available measurement data, is given elsewhere.10 In case of
a non or only partly identifiable system, either the system’s
complexity has to be reduced by posing more restrictive
assumptions on the model or the measured data set needs to
be extended by measuring more chemical components to
achieve identifiability. However, the rank analysis of Nm is
only a necessary but not a sufficient condition for identifi-
ability. A positive result of the rank analysis means that rate
estimates for all involved kinetic phenomena (reactions and
mass transfer) can be calculated in step 4. Based on the rate
estimates and the initial conditions of the involved compo-
nents, it is also possible to calculate estimates of the concen-
tration trajectories of these components. If the initial condi-
tions are (in part) unknown, they can be included in the rate
expressions as unknown parameters. Identifiability is only
given if all rates can be estimated and all variables involved
in the rate laws except for the parameters are known. Hence,
it also has to be assured that those variables that influence
the rate law but are not considered in the stoichiometric ma-
trix are measured. Such variables are, for instance, the reac-
tion temperature in case of a temperature dependent kinetic
law or the catalyst concentration, if the reaction is investi-
gated on a coarse level and the catalyst-substrate-intermedi-
ates are not modeled explicitly.

A positive result of this identifiability test only assures so-
called structural identifiability.28 Hence, if the identifiability
test is passed, the model can in principle be identified based on
the available measurements. The accuracy of the estimates,
however, depends on the type and quality of measurement data
and might be insufficient even for a structurally identifiable
model.28 In case of insufficient accuracy, the whole procedure
can—without any restrictions—be incorporated into a model-
based optimal experimental design framework.42

Step 3: Estimation of component flows

The third step in the procedure is the estimation of compo-
nent flows, defined as

fi;j tð Þ: ¼ Vj � dci;j
dt

� Fi;j tð Þ þ Ei;j tð Þ; i 2 Sc; j 2 Sp: (3)

Please note that the term component flow is not defined in
the chemical engineering community. We introduce this term
to indicate the change in the amount of a component inde-
pendently of the cause. Hence, a component flow fi,j refers to
the change in the amount of component i in phase j due to
the sum of chemical reaction and mass transfer and is thus
neither a flux (which is area specific) nor a rate (which is
volume specific). In addition, we define f(t) as the row vector
of all component flows of length npc ordered according to the
order of the pseudo-components. It is obvious that, to esti-
mate fi,j(t), the concentration ci,j(t), the feed Fi,j(t), and the
effluent Ei,j(t) need to be known, that is, either measured or
calculated based on, for instance, the mass balance. It is im-
portant to mention that the estimation of fi,j(t) is an ill-posed
problem in the sense of Hadamard43 due to the necessary dif-
ferentiation of the noise-corrupted concentration measure-
ments. This means that small errors in the inputs (the mea-
sured concentrations) might lead to large errors in the outputs
(the derivatives of the measured concentrations with respect

to time). However, regularization techniques allow to obtain
meaningful results even for ill-posed problems.20 A variety
of regularization techniques as for instance Tikhonov regula-
rization44 or filter based approaches45,46 are known. The aim
of regularization is to find the solution of a well-posed prob-
lem, which is as close as possible to the original, ill-posed
problem. Any regularization method relies on a tradeoff
between staying as close as possible to the original problem
and obtaining a problem as well-posed as possible. The
amount of regularization has thus to be chosen wisely. Dif-
ferent methods to determine a reasonable or even statistically
optimal amount of regularization are known. The most popu-
lar alternatives are the heuristic L-curve criterion and the
statistically funded generalized cross validation method. For
an introduction to ill-posed problems and regularization tech-
niques, see, for example, the publication by Hansen.20 Accord-
ing to our experience, the estimation of a smooth concen-
tration profile based on smoothing splines47 and subsequent
differentiation of the smooth curve leads to good estimates.
Tikhonov regularization44 and generalized cross validation20

to determine the regularization parameter also proved to be
appropriate for the problem class at hand. However, inde-
pendently of the regularization technique used, the estimated
derivatives will be biased. The bias introduced at this step
will propagate through step 4 and 5 of the estimation proce-
dure. Hence, only low quality estimates of the model param-
eters can be expected in step 5, if the measurement quality is
low, meaning that either the data are scarce or corrupted by
a high amount of noise. However, as shown later, the last
step allows to obtain the statistically optimal parameter val-
ues, even in the case of low-quality data.

Step 4: Estimation of rates

Assuming identifiability, it is possible to estimate all
kinetic rates according to

fi;j tð Þ ¼
Xnk
k¼1

Sk � mi;k � rk tð Þ; i 2 Sc; j 2 Sp � (4)

Here mi,k is the stoichiometric coefficient of pseudo-compo-
nent i in kinetic phenomenon k and Sk(t) is either the volume
(in case of a reaction) or the interfacial area (in case of a mass
transfer). Sometimes, the interfacial area is not known a priori
and can hardly be determined based on measurements.

In such cases, it is common to use a mass transfer model,
which contains the product of the mass transfer coefficient
and the interfacial area. This approach can also be applied
within the incremental identification framework. In this case,
an arbitrary interfacial area has to be used. The pseudo mass
transfer coefficient comprising both, interfacial area and
mass transfer coefficient can then be calculated as the prod-
uct of the arbitrarily chosen interfacial area and the estimated
mass transfer coefficient. Equation 4 can be written in matrix
form as

f tð Þ ¼ rp tð Þ � Nep� (5)

Here, rp(t) is the row vector of all pseudo-rates and Nep(t)
is an extended stoichiometric matrix, which can be derived
from Np by multiplying each element in row k by Sk.
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Because identifiability is given, Eq. 5 defines a set of linear
equations that is at least determined but generally over-deter-
mined. Hence, the row vector of pseudo-reaction rates can be
calculated using the pseudo inverse48 of Nep according to

rp tð Þ ¼ f tð Þ � Nyep: (6)

A vector of reaction rates rr(t) and mass transfer rates
rmt(t) can be obtained by extracting the first nr and the last
nmt rates from rp(t), respectively.

Step 5: Estimation of kinetic parameters

In the fifth step, rr(t) and rmt(t) are used to estimate the ki-
netic parameters of the postulated model candidates using
nonlinear regression techniques. Typical model candidates
for reaction rates are for example

rr;1 ¼ k1 � c1;2 � c2;2; (7)

rr;2 ¼ k2 � c21;2 � c2;2; (8)

rr;3 ¼ k3 � c1;2 � e
�Ea3
R�Tð Þ (9)

rr;4 ¼
kcatf

KiA�KmB
� c21;2 � c3;2

Keq

� �

1þ c1;2
KiA

� 1þ KmA

KmB

� �
þ c2

1;2

KiA�KmB
þ c3;2

KmP
þ c1;2�c3;2

KmP�KiB

: (10)

The last example is a typical expression for a rate of an
enzyme-catalyzed reaction and is obviously more complex
than typical rate laws for elementary reactions. The third
example shows a typical Arrhenius expression, where the
reaction rate is expressed as a function of the temperature T,
the gas constant R, the activation energy Ea3, and the kinetic
constant k3. If the temperature is known (either measured or
controlled), temperature dependent expressions can be treated
by the incremental method in the same manner as nontem-
perature dependent reactions.

An exemplary, simple mass transfer rate law is given by

rmt;1 ¼ b1 �
c1;1
m1;1;2

� c1;2

� �
(11)

where b1 is the mass transfer coefficient of component 1 and
m1,1,2 the partition coefficient of component 1 between phase
1 and 2. More complex expressions for mass transfer laws
can be found elsewhere.49 Although we assume—for the
sake of simplicity—that the partition coefficient is known,
this parameter can of course also be estimated using the
method presented here.

The estimation of the model parameters requires the solu-
tion of a nonlinear least-squares problem. Different methods
have been proposed to solve this kind of optimization problem
as, for instance, the Levenberg-Marquardt method,50,51 and are
readily available in numerous software packages.52–54 For
nonlinear least-squares problems global optimization codes
are available that can in principle be applied to solve the prob-
lem at hand.55 In contrast to the dynamic parameter estimation
problem naturally arising in the simultaneous method, the non-
linear problems can be solved to the global optimum in a rea-
sonable amount of time.56,57 This is especially true because
the number of parameters that have to be estimated simultane-
ously in this step of the incremental method is usually lower
than in dynamic parameter estimation using the simultaneous
method. This is because of the fact that, at this point, one esti-
mate is available for each reaction or mass transfer rate and
thus the model candidates can be tested for each reaction or
mass transfer phenomenon individually. This is one of the key
advantages when applying the multi-step approach to the iden-
tification of multi-phase reaction networks because it allows to
decompose the identification of the whole network into the
repeated identification of single reaction and mass transfer
laws. Each individual subproblem is by nature less complex
than the overall problem. Typically the individual subpro-
blems comprise less parameters to be estimated, which is
especially advantageous in the context of global optimization,
where the computational cost growth exponentially with the
number of model parameters.55 In addition, a wrong model
candidate for a single mass transfer or reaction kinetic law can
now be identified easily and has no negative influence on the
identification of rate laws for other kinetic phenomena. This is
a key advantage of the method presented here compared to
classical approaches. Following a simultaneous identification
procedure, the whole kinetic model has to be identified at
once. Because the model equations are typically linked, a
model that is structurally wrong in one part—as for instance
one reaction kinetic law—will thus generally lead to an over-
all bad model performance, meaning that the model is not able
to fit the experimental data accurately. Hence, in such a frame-
work, it is hard to say whether such an insufficient fit is due to
parameter estimates that correspond to a bad local optimum or
due to an (in part) structurally wrong model. In addition, if a
model is structurally wrong in one part, it is hard to identify

Figure 2. Scheme of the two phase enzyme-catalyzed
reaction system.

Table 1. The True Parameter Values of the Kinetic Model

Parameter kcat f Keq KmA KmB KmP KiA KiB

Value (Unit) 45 (S21) 4 (mM21) 0.2 (mM) 0.6 (mM) 1 (mM) 1 (mM) 2.25 (mM)
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the problematic model equations. Besides the advantages, it is
also important to remind that the quality of the parameter esti-
mates obtained in this step is directly linked to the quality of
the estimated rates. Hence, these estimates are also biased due
to the bias originally introduced in the estimation of the time
derivatives of the concentration measurements. Therefore, the
suitable model candidates (identified in the next step) have to
be processed in a final simultaneous correction step, described
in more detail below.

Step 6: Identification of most suitable
model candidate(s)

If structurally different model candidates are considered, the
most suitable candidates have to be identified at this point. The
choice should be based on a reasonable model selection crite-
rion, as for instance Akaike’s information criterion58 or the dis-
crimination criterion based on the inverse probability theorem
of Bayes proposed by Stewart et al.59 To decide, which model
candidates should further be considered and which ones should
be dismissed from the candidate set, error estimates of the esti-
mated rates need to be known. This is necessary, because the
model candidates are judged based on the fit of the estimated
rate, which deviates from the true rate because its calculation is
based on noise corrupted measurements. Bootstrapping or simi-
lar methods can be used to obtain error estimates for the esti-
mated reaction rates.60 The typically high computational cost of
this kind of methods is no problem in this framework, because
only computationally cheap linear problems have to be solved
within the bootstrapping framework.

Step 7: Simultanous model correction

Finally, in a last step, the statistically optimal model along
with the statistically optimal parameter values can be identi-
fied by solving a dynamic parameter estimation problem,
only taking the remaining model candidates into account.
This so-called simultaneous model correction is necessary
due to the bias, which is inevitably introduced in the estima-
tion of component flows from noise-corrupted measurement
data. The computational cost of this last dynamic parameter
estimation problem is significantly reduced, because good
initial guesses provided by the previous step, are already
available. In case of unsatisfying parameter accuracy or if no
single model structure can be identified, the procedure can
be integrated into an iterative optimal experimental design
framework without any restrictions.61

Illustrative Case Study: Two-Phase
Enzyme-Catalyzed Reaction System

In this section, we demonstrate the method outlined above
using a simulated two-phase enzyme reaction system.

The reaction system

Biocatalysis in nonconventional media, including organic/
aqueous two-phase systems, is a promising technology for
synthetic chemistry.1 The perspective of applying highly
selective and specific biocatalysts to reactions that are classi-
cally performed in organic solvents is very attractive for sci-
ence and industry. However, in those systems, several limita-
tions exist, for example, low solubility of substrates and
products leading to low volumetric productivities, hydrolysis
of products or side reactions. To overcome those difficulties,
nonconventional media, such as organic solvents or supercrit-
ical fluids, have been introduced in bioprocesses.1 In organic/
aqueous two-phase systems, several advantages are foreseen
in comparison with traditional aqueous systems. Firstly, the
organic phase can serve as a reservoir for substrates and
products at high concentrations, whereas the reactive aqueous
phase contains the enzymes. Thus, an increase of the volu-
metric productivity may be achieved.62 Another advantage is
the improvement of product recovery and catalyst recycling
as the organic and aqueous phases can easily be separated.
Furthermore, a well-designed biphasic system may lead to an
improved equilibrium conversion, as for example shown for
the reduction of acetophenone with alcohol dehydrogenase
from Lactobacillus brevis by Eckstein et al.63 and for the hy-
drolysis of Penicillin G with penicillin amidase from Esche-
richia Coli by Diender et al.64 Finally, possible inhibitory
effects of the substrate and/or the product can be avoided by
reducing the concentration of inhibitory substances in the
aqueous phase.65 Hence, two-phase systems possess desirable
properties for biocatalytic reactions. On the other hand, they
pose a hard problem for model identification due to the al-
ready mentioned coupling of mass transfer and reaction. In
addition, the rate expressions for enzyme-catalyzed reactions
tend to be complex and highly nonlinear, as exemplarily
shown in Eq. 10.

Let us consider the enzyme-catalyzed reaction

Aþ B �!E P: (12)

This reaction is taking place in the aqueous phase of a two-
phase aqueous/organic system. Let us further assume that the sol-
ubility of component B and the enzyme (E) in the organic phase
are practically zero. A system as depicted in Figure 2 results
with no effluent and feed. We assume a kinetic law given by

Table 2. Experimental Conditions for all Five Experiments

Experiment No. 1 2 3 4 5

NA 14.78 1.0 7.543 14.78 14.78
NB 3.263 20.4044 15.18 3.263 3.263
NP 2.435 e 25 0.0 0 0 0
NE 2.971 e 23 2.929 e 23 1 e 26 2.971 e 23 2.971 e 23

Ni, i [ {A, B, P, E} refers to the amount of i in mmol initially present in the system.

Table 3. Partition Coefficients of Components A and P

Component Partition coefficient

A 0.03
P 0.95
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r ¼ E½ � �
kcatf

KiA�KmB
� ð½A� � ½B� � ½P�

½Keq�Þ
1þ ½A�

Kia
þ Kma�½B�

KiA�KmB
þ ½A��½B�

KiA�KmB
þ ½P�

KmP
þ ½B��½P�

KmP�KiB

; (13)

which has for instance been identified by Zavrel et al.21 for
modeling the kinetics of ThDP-dependent enzymes. In Eq. 13,
[A], [B], [P], and [E] represent the concentrations in the aque-
ous phase and kcatf, Keq, KmA, KmB, KmP, and KiA are the kinetic
parameters to be estimated. KiB is a dependent parameter that
can be calculated from estimated parameter values according to

KiB ¼ KmB � KiA

KmA � 1� KmA

KiA
� 1

� �
� KmP

Keq�KmB�KiA

h i : (14)

The true parameter values are given in Table 1.
Let us further assume that both phases comprise a volume

of 1 l and that the amounts converted by the reaction and
transferred across the phase interfaces are small, such that
the phase volumes can be considered constant.

To illustrate the procedure, we create pseudo-measure-
ments by simulating the system and adding uncorrelated
white noise with a standard deviation of 3% of the concen-
tration value. We assume that the concentrations of three
components, namely A and P in the aqueous phase and B in

the organic phase are measurable and that 100 data points
are sampled uniformly for each component and each experi-
ment. We simulate five experiments with different initial
conditions as given in Table 2. The experiment duration is
120 min for all experiments. We further assume the initial
concentrations of all components as well as the constant con-
centration of the catalyst to be known. The partition coeffi-
cients for A and P, defined as

mi ¼ ci;1;equ
ci;2;equ

; i 2 A;P; (15)

are known and given in Table 3. mi is the partition coeffi-
cient of component i and ci,1,equ and ci,2,equ are the equilib-
rium concentrations of i in phase 1 and 2, respectively. Note,
that any other more realistic phase equilibrium could be
employed, instead.

We illustrate the method using the settings outlined above,
however, for comparison, we solve the same identification
task with four different settings, which differ with respect to
the quality of the measurement data. We use two different
levels of resolution in time (100 and 25 measurements per
component and experiment, corresponding to sampling inter-
vals of 1.2 and 4.8 min) and two different noise levels (3%
and 10% relative white noise).

Figure 3. Measured and smoothed concentration (left) and exact and estimated component flow of A1 (right) in the
first experiment.

Figure 4. Measured and smoothed concentration (left) and exact and estimated component flow of P1 (right) in the
first experiment.

1016 DOI 10.1002/aic Published on behalf of the AIChE April 2009 Vol. 55, No. 4 AIChE Journal



Identification of the biphasic enzyme-catalyzed
reaction system

To illustrate the procedure outlined above, we demonstrate
the seven steps for the simulated two-phase enzyme-cata-
lyzed reaction system.

Step 1: System Reformulation. In this case, we have four
components (Sc 5 {A, B, P, E}) and two phases (Sp 5 {1,
2}). Thus, a set of eight pseudo-components results. How-
ever, as components B and E are not soluble in the first
phase, only six pseudo-components are considered. Thus, the
set Spc 5 {A1, P1, A2, B2, P2, E2} results.

Here, A1 is component A in the first phase, A2 component
A in the second phase and so on. A single reaction takes
place in the second phase, and two mass transfer rates (for A
and P) have to be considered. Thus, the pseudo-stoichiomet-
ric matrix

Np ¼
A1 P1 A2 B2 P2 E2

0 0 �1 �1 1 0

�1 0 1 0 0 0

0 �1 0 0 1 0

2
4

3
5

results.
Step 2: Identifiabilty Test. The second step in the proce-

dure is to test the structural identifiability of the system under

investigation, and thus Nm has to be set up as outlined above.
Because only A1, P1, and B2 are measurable, Nm reads as

Nm ¼
A1 P1 A2 B2 P2 E2

0 0 0 �1 0 0

�1 0 0 0 0 0

0 �1 0 0 0 0

2
4

3
5 (16)

Because Nm has full rank and the constant concentration
of the catalyst is known, all kinetic rates can be estimated
and the reaction rate laws can in principle be identified.

Step 3: Estimation of Component Flows. The third step in
the procedure is the identification of component flows. Because
no feed and no effluent are assumed, Eq. 3 simplifies to

fi;jðtÞ :¼ Vj � dci;j
dt

; i 2 Sc; j 2 Sp; (17)

here. We use smoothing splines47 and Tikhonov regularization
with generalized cross validation20 and subsequent differentia-
tion of the smooth estimate to determine the component flows.
For the computations, we use the Spline Toolbox66 and the
Hansen Regularization Toolbox67 for Matlab. Figures 3–5
exemplarily show the original measurement values and the
smooth trajectories as well as the estimated and the exact com-
ponent flows for the measured components in the first experi-
ment. Each component flow can be calculated for any point in
time. However, for later processing, it is advantageous to cal-

Figure 5. Measured and smoothed concentration (left) and exact and estimated component flow of B2 (right) in the
first experiment.

Figure 6. Estimated and exact reaction rate in the first
experiment. Figure 7. Model fit after algebraic parameter estimation.
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culate the component flows at exactly those times, at which
measurement information is available.

Step 4: Estimation of Rates. Using Eq. 6, the vector of
pseudo-reaction rates rp(t) can be calculated. This is a row
vector of length 3 representing the rate of the chemical reac-
tion and the two mass transfer rates. The vector of reaction
rates rr(t) (which is a scalar in this case) can be obtained by
extracting the first element from rp (t). Figure 6 exemplarily
shows the estimated and the exact reaction rate for the first
experiment.

Step 5: Estimation of Kinetic Model Parameters. In this
step, the estimated rates are used to estimate the kinetic model
parameters by solving a nonlinear least-squares problem. In
our implementation, we solve the problem using Ipopt68 as
optimization code by a Matlab-MEX-Interface and a problem
reformulation proposed by Schittkowski.69 In Figure 7, we
exemplarily show the result of the algebraic parameter estima-
tion problem for the first experiment† and the low initial guess
for all parameters values according to Table 5.

Step 6: Identification of the Most Suitable Model(s). Let
us consider two alternative model candidates here. Candidate
one is the correct model given in Eq. 13 and candidate two is

r ¼ ½E� �
kcatf �½B�
KmB

1þ ½B�
KmB

þ ½P�
KmP

; (18)

where [E], [B], and [P] are the concentrations of A, B, and P in
the aqueous phase and kcatf, KmB, and KmP are the model pa-
rameters to be estimated. Figure 8 shows the estimated reaction
rate and the model predictions of the two competing model
candidates after the parameter estimation for the first experi-
ment. It can be seen, that the second model does not allow to
fit the estimated rate well. The residual sum of squares (RSOS)
and the value of the Akaike Information Criterion (AIC)58 are
given in Table 4{ and clearly indicate that model 1 is more
appropriate than model 2.

Step 7: Simultaneous Model Correction. Because of the
inevitably introduced bias when estimating the time deriva-
tives of the concentration trajectories, the parameter esti-
mates can not be guaranteed to be statistically optimal. To
obtain statistically sound parameter values, a simultaneous

parameter correction has to be carried out. That is, a dynamic
parameter estimation problem is solved using the original
concentration measurements and the parameter estimates
obtained in step 5 as initial guess. Figure 9 exemplarily
shows the model prediction of component A1 in the first
experiment with the parameter values obtained after step 5
and those obtained after step 7, the simultaneous model cor-
rection. It can be seen, that both curves lie close to each
other, which indicates a good quality of the parameter esti-
mates obtained after step 5.

Results and Discussion

As mentioned above, the kinetic models for enzyme-cata-
lyzed reactions tend to be strongly nonlinear and nonconvex
and thus good initial guesses for the parameter values are
needed but rarely available. To test the robustness of the pro-
posed approach, we solve the parameter estimation problem
using a number of different initial guesses according to Table
5 and four different measurement qualities according to
Table 6, where NDP is the number of data points available
for each component in each experiment. For each parameter
estimation problem, we assume that the same measurement
data stemming from the five experiments as given in Table 2
are available.

In case of the multi-step approach, we solve the problem
using a MATLAB based in-house software for steps 1–6 and
gPROMS (version 3.0.3) for the last step, the simultaneous
model correction. For the classical simultaneous approach,
we use gPROMS (version 3.0.3). We consider a problem
solved correctly, if all final parameter estimates are within a
610% interval of the true parameter value. We consider a
problem solved incorrectly, if the algorithm converges to a
final estimate that violates the 610% limit for at least one
parameter value. We apply this relatively high acceptable
error level to assure that only estimates corresponding to a
wrong local minimum are marked as incorrect solutions. The
final error of the estimates for the correctly solved problems

Figure 8. Comparison of the two competing model
candidates.

Table 4. Results of the Model Comparison

Model RSOS AIC

1 0.186 e 22 26.24 e 3
2 0.435 e 5 2.24 e 3

Figure 9. Model fit for component A1 in experiment No.
1 before and after the simultaneous model
correction.

†
All experiments have been used to estimate the parameters, but only the fit of

the first experiment is shown.
{
All five experiments have been used to fit the models and to calculate the val-

ues in Table 4.
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is generally significantly lower than 610%. Finally, we con-
sider a problem not solved, if the algorithm does not con-
verge to a solution within 1 h CPU-time or 500 iterations.
The results for both approaches under the aforementioned
conditions are given in Table 7.

The mean computation time for all correctly solved prob-
lems was 73 sec for the multi-step approach and 108 sec for
the simultaneous approach. Because some plots for the mea-
surement quality setting 1—the better measurement quality—
have already been shown, we show the same plots here for
measurement quality 4—the worse measurement quality—to
give a visual impression of the quality of the estimated con-
centration profiles, component flows and mass transfer/reac-
tion rates in this setting. Figures 10–12 exemplarily show the
original measurement values and the smooth trajectories as
well as the estimated and the exact component flows for the
measured components in the first experiment and the mea-
surement quality of setting 4. Figure 13 shows the estimated
and exact reaction rate and the reaction rate simulated with
the final parameter estimates.

It can be seen that the quality of the estimated component
flows is poor in some cases. The quality of the estimated
rate, which results as a linear combination of the estimated

component flows, however, is acceptable. In addition, the
results show that the method works reliable for high and low
quality measurements, although, as for any identification pro-
cedure, high quality measurements are preferable. Concern-
ing the computation times, the incremental method performs
slightly better than the simultaneous method. This is reasona-
ble, because the repeated integration of the DAE model or
the alternative solution of the large scale NLP problem,
which is at the core of the simultaneous method, is avoided.
The multi-step approach also requires the repeated integra-
tion of the DAE model in the last step, the simultaneous
model correction, but because initial parameter guesses close
to the optimal values are already available the number of
iterations and thus the computation time is usually low. It is
worth mentioning, that only one reaction is considered in this
example and thus the aforementioned combinatorial explo-
sion of model candidates does not occur for the simultaneous
method. In case of multiple reactions with different model
candidates, the difference in computation times will increase
significantly as shown by Brendel et al.10

It is also reasonable, that the multi-step approach is more
robust. In dynamic parameter estimation problems many nu-
merical pitfalls, as discussed in Chapter 4.2 of the book by

Figure 10. Measured and smoothed concentration (left) and exact and estimated component flow (right) of A1 in
the first experiment for low quality measurements.

Table 6. Settings for the Different Simulated Measurement
Qualities

Setting 1 2 3 4

NDP 100 100 25 25
Noise Level 3% 10% 3% 10%

Table 7. Comparison of the Simultaneous
and the Multi-Step Approach

Simultaneous
method

Incremental
method

Setting 1–100 data points and 3% relative noise
# Problems solved correctly 30 37
# Problems solved incorrectly 24 23
# Problems not solved 10 4

Setting 2–100 data points and 10% relative noise
# Problems solved correctly 29 35
# Problems solved incorrectly 25 24
# Problems not solved 10 5

Setting 3–25 data points and 3% relative noise
# Problems solved correctly 30 34
# Problems solved incorrectly 24 27
# Problems not solved 10 3

Setting 4–25 data points and 10% relative noise
# Problems solved correctly 29 32
# Problems solved incorrectly 26 28
# Problems not solved 9 4

Table 5. True Values, Low, and High Initial Guesses for the
Six Parameters that have to be Estimated

Parameter
Low initial

guess
True
value

High initial
guess Unit

kcat f 15 45 135 S21

Keq 1.33 4 12 mM21

KmA 0.07 0.2 0.6 mM
KmB 0.2 0.6 1.8 mM
KmP 0.33 1 3 mM
KiA 0.33 1 3 mM
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Schittkowski,27 exist. These pitfalls are typically more likely
to occur if bad initial parameter guesses are provided,
because the integration of the DAE system might give
unforeseen results (states hitting bounds etc.), if parameter
values far off the true ones are assumed. This problem can
also be seen in Table 7, where the number of not solved
problems is significantly higher for the simultaneous than for
the incremental method in any setting considered. However,
it is hard to determine in detail why the multi-step approach
solves the example considered here more robustly. The refor-

mulation of the problem suggested by Schittkowski69 proved
to have a positive effect on the robustness. Furthermore,
Ipopt is known to be a good NLP-solver and finally, the
algebraic parameter estimation problem is less complex than
the dynamic parameter estimation problem. It is also impor-
tant to mention that computation times for each method
depend on a number of settings as, for instance, the integra-
tion tolerances and the optimization tolerance. We use identi-
cal tolerances wherever possible, but due to the different na-
ture of the optimization problems, choosing identical or at
least comparable tolerances and settings is often tricky and
sometimes even impossible.

In summary, the presented multi-step approach proved to
be an efficient and robust alternative for the identification of
multiphase-reaction systems. The method allows transparent
model identification because of the full control on all indi-
vidual modeling steps and decisions. The difference in com-
putation time, compared to the simultaneous approach, will
increase with the number of reactions that have to be identi-
fied, because the above described combinatorial explosion is
efficiently suppressed.
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Notation

i5 counting variable for components.
j5 counting variable for phases.
k5 counting variable for kinetic phenomena.
nc5number of components.
np5number of phases.
npc5number of pseudo-components.
npi5number of phase interfaces.
nmt5number of considered mass transfer kinetics.
nr5number of reaction kinetics.
nk5number of kinetic phenomena (reaction and mass transfer).
nr,j5number of reactions in phase j.
fi,j5 component flow of component i in phase j.
rk5 rate of kinetic phenomenon k.
rp5 row vector of all pseudo-reaction rates.
rr5 row vector of all reaction rates.

rmt5 row vector of all mass transfer rates.
f5 row vector of all component flows.

Sc5 set of components.
Sp5 set of phases.
Spc5 set of pseudo-components.
Sk5 set of kinetic phenomena.
vi,k5 Stoichiometric coefficient of component i in kinetic phenom-

enon k.
Vj5volume of phase j.
Sk5 interfacial area/volume supporting the k’th kinetic phenomenon.
Vk5volume supporting the k’th kinetic phenomenon.
Ak5 interfacial area supporting the k’th kinetic phenomenon.
ci,j5 concentration of component i in phase j.
Ci5 component i.
Ci,j5 component i in phase j.
Fi,j5 feed of component i to phase j.
Ei,j5 effluent of component i from phase j.
Nj5 stoichiometric matrix for reactions in phase j.
Nar5 combined stoichiometric matrix for all reactions.
Np5 combined pseudo-stoichiometric matrix of all reactions and all

mass transfer kinetics.
Nm5measurement matrix.
Nep5 extended stoichiometric matrix.
Ha5Hatta number.
T5 temperature.

Ea5 activation energy.
R5gas constant.

mi,j,j 115partition coefficient for component i between phase j and j1 1.
Di5mass transfer coefficient for component i.

ci,j, equ5 equilibrium concentration of component i in phase j.
KiA5kinetic model parameter.
KiB5kinetic model parameter.
KmA5kinetic model parameter.
KmB5kinetic model parameter.
KmP5kinetic model parameter.
Keq5kinetic model parameter.

kcat f5kinetic model parameter.
A5first binding substrate.
B5 second binding substrate.
P5product.
E5 enzyme.
Ni5 amount of component i initially present in the system.

NDP5number of data points.
T5 transpose of a matrix.
†5pseudo inverse of a matrix.
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