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Abstract. In model discrimination a model’s quality is usually judgedbased on its ability to reproduce
the available measurement data, after optimal values for its parameters have been determined. Globally
optimal rather than locally optimal parameter estimates are clearly warranted to avoid false conclusions.
However, obtaining globally optimal parameter estimates is computationally very expensive for models
comprised of differential equations. In this paper, we present a novel pseudo-deterministic global
parameter estimation methodology, which is capable of significantly reducing the computational load
for global parameter estimation in dynamical systems. Thismethod, named IGPE, builds upon the
incremental identificationapproach developed by Marquardt and co-workers for the identification of
reaction-diffusion systems. Unlike most existing deterministic methods, IGPE can handle both ODE
and DAE models, and its application relies on readily available software packages. This paper presents
the IGPE methodology and illustrates its pros and cons through a case study in the field of chemical
reaction kinetics.

1 Introduction
Mathematical models giving accurate predictions of physical phenomena are essential tools in engineering and
scientific fields. In chemical engineering, such models formthe basis for the design, optimization and control
of process systems [1]. However, these models often contain adjustable parameters (semi-empirical models), the
values of which are to be determined from available experimental data to yield accurate predictions. In many cases,
the task of parameter estimation is rendered more complex byusing models that are comprised of mixed sets of
nonlinear differential and algebraic equations (DAEs).

Traditionally, parameter estimation is performed following a maximum likelihood approach. If uncorrelated, Gaus-
sian noise is assumed for the measurement errors, this leadsto the well-known class of least squares problems,
where the objective is to minimize the weighted squared error between a set of measured data and corresponding
model predictions. Early attempts to solve such problems ina systematic, computationally tractable manner using
local search methods can be traced back to the 1960s [2]. Both, thesequentialandsimultaneousapproaches of
dynamic optimization have been widely studied in this context. In the sequential approach, an integration routine
is used to determine the state values for a given set of model parameters, which in turn allows for the evaluation of
the objective function and its derivatives in a master nonlinear program (NLP). One such implementation has been
reported by Kim et al. [3]; this is also the approach implemented in state-of-the-art process simulation software
[4, 5]. In the simultaneous approach, on the other hand, the dynamic system is converted into a set of algebraic
equations, which are solved along with the model parameter values in a large-scale NLP [6, 7].

The aforementioned approaches rely on local search methodsand can, at best, achieve convergence to a local
minimum. This deficiency to converge to a global minimum may have dramatic consequences. In the context
of reaction kinetics, for instance, getting a bad fit (due to only locally optimal parameter values) may lead to the
erroneous conclusion that a proposed kinetic model yields an incorrect description of the chemistry [8]; in other
words, only a global minimum allows one to conclude that a proposed model structure is invalid.

Both stochasticanddeterministic global optimizationhave been developed to increase the likelihood of finding a
global minimizer. Stochastic search methods rely on probabilistic approaches [9, 10]. They are usually quite simple
to implement and their efficiency has been demonstrated on many applications. Yet, they cannot guarantee locating
a global solution in a finite number of iterations; see, e.g.,Guus et al. [11] for a recent comparison of various global
optimization methods in parameter estimation of biochemical pathways. Deterministic methods, on the other hand,
can provide a level of assurance that the global optimum willbe located in finite time [12]. These sound theoretical
convergence properties have stimulated the development ofdeterministic global optimization for problems with
embedded differential equations [13, 14, 15, 8, 16, 17]. Briefly, a spatial branch-and-bound (B&B) algorithm
is employed to converge to the global solution by systematically eliminating portions of the feasible space; this
is achieved by solving a sequence of upper- and lower-bounding problems on refined sub-partitions. Although
tremendous progress has been achieved in recent years, global dynamic optimization methods are currently limited
to problems containing no more than a few decision variables; from a computational viewpoint, B&B indeed



exhibits worst-case complexity that is exponential in the number of decision variables. Moreover, still no general
method has been proposed to rigorously address problems with DAEs embedded.

All of the foregoing parameter estimation approaches (be they local or global) fall into the scope ofsimultaneous
identification (also calledintegral method), in the sense thatall the adjustable model parameters are estimated
simultaneously. Note that these approaches give statistically optimal parameter estimates in a maximum likelihood
framework [18]. Recently, the so-calledincrementalapproach for model identification has been introduced by
Marquardt and coworkers [19, 20, 21]. The key idea therein is to follow the steps that are usuallytaken in the
development of model structures, thus yielding a sequence of algebraic parameter estimation problems, which
are simpler than the original differential problem; note that this approach is related to the well-knowndifferential
method of parameter estimation in kinetic models [22]. Although incremental identification approaches do not
share the same theoretical properties as simultaneous methods, namely they are neither unbiased nor consistent
[18], their major advantage lies in the computational tractability. Moreover, comparisons have indicated that good
results can be obtained provided that sufficient care is taken during the estimation [20].

This paper proposes a novel methodology for parameter estimation in dynamical systems. Building upon the
incremental identification method, the original problem issplit into 5 steps, which are detailed in Section 3. The
contribution of this paper is twofold. First, the incremental approach is extended to encompass general parameter
identification problems in DAE systems, i.e., not necessarily reaction kinetic models. Second, deterministic global
optimization is used in a systematic way for solving the (potentially nonconvex) algebraic estimation problems,
hence the nameIncremental Global Parameter Estimation(IGPE). Note that efficient global optimization software,
such asBARON [23], has indeed become available during the last decade for thesolution of algebraic problems.
The main advantage of IGPE, as compared to simultaneous global optimization, lies in a significant decrease of
the overall computational time. The downside, of course, isthat – in the presence of measurement noise – the
global solution in the incremental approach will generallybe different from the global solution in the simultaneous
approach. However, the incremental solution can be used as astarting point in a local simultaneous estimation
problem. In particular, our experience is that this heuristic procedure typically finds a global optimizer to the
original problem.

2 Problem Definition
In the following, we consider a class of dynamical systems described by means of DAEs,

F(ẋ(t),x(t),y(t),u(t),p) = 0, (1)

wherex(t) ∈ R
nx is the vector of differential state variables at timet ∈ [t0, t f ], y(t) ∈ R

ny is the vector of algebraic
state variables,u(t) ∈ R

nu is the vector of inputs, andp ∈ P is the vector of time-invariant parameters to be
estimated, withP⊂ R

np a compact set.

Throughout this paper it is assumed that the matrix[Fẋ Fy] has full rank; that is the index of the DAEs is less than
or equal to one. Initial valuesx(t0) = x0 are given for the differential state variables and corresponding consistent
initial conditionsẋ(t0), y(t0) are assumed to be available. The inputsu(t) are also assumed to be given.

Let Im ⊆ {1, . . . ,nx} denote the indices of the measured differential state variables1 and lett1, . . . ,tℓ such that
t0 ≤ t1 < .. . < tℓ = t f denote the measurement times. Letx̃m,i ∈ R

nm, i = 1, . . . , ℓ, be the vector of measurements
at timesti , i = 1, . . . , ℓ, and let the corresponding vector of state predictions be denoted byxm,i . The measurements
and corresponding model predictions are arranged in the column vectors

X̃m :=







x̃m,1
...

x̃m,ℓ






∈ R

ℓ×nm, and Xm(p) :=







xm(t1)
...

xm(tℓ)






∈ R

ℓ×nm. (2)

We consider weighted least-squares parameter estimation problems of the form

min
p∈P

(X̃m−Xm(p))T W (X̃m−Xm(p)) (3)

s.t. model (1)

pl ≤ p ≤ pu,

whereW is a properly chosen weighting matrix,2 andpl andpu are the vectors of lower and upper parameter
bounds, respectively.

1For simplicity of presentation we assume that only differential state variables are measured.
2We use the identity matrix as the weighting matrix throughout this paper.



3 The IGPE Method
The IGPE methodology is based on the incremental identification procedure developed by Marquardt and co-
workers for reaction, diffusion and coupled reaction-diffusion systems [19, 20, 21]. The novelty in IGPE is twofold:
(i) generic models comprised of DAEs can be handled, and (ii)global optimization is systematically employed to
solve the parameter estimation subproblems.

IGPE proceeds by breaking a dynamic parameter estimation problem into five steps. These steps are described in
subsections3.1to 3.5and illustrated by the case study of a tubular gas-phase reactor, where the reactionA → mB

takes place. The following model is due to Ingham [24] and assumes steady-state conditions in the tubular reactor:

nA =
yA,GP
RT

, (4)

nB =
yB,GP
RT

, (5)

G =
(nA +nB +ninert)RT

P
, (6)

yA =
yA,G

G
, (7)

yB =
yB,G

G
, (8)

dyA,G

dz
= −kyAΩ, (9)

dyB,G

dz
= mkyAΩ. (10)

In Eqs. (4)-(10), G stands for the total gas volumetric flow rate;ni , yi andyi,G denote the molar flow rate, the mole
fraction and the volumetric flow rate of speciesi ∈ {A,B, inert}, respectively;Ω, the cross-sectional area of the
reactor;z, the axial position;P, the total pressure;R, the gas constant;T, the temperature;m, the stoichiometric
coefficient of the reaction; andk, the reaction constant.

The measurement data used in this case study correspond toyA,G andyB,G along the axial position of the reactor
under steady state operation and for different temperatures T = 200 K, 300 K and 400K. These data are due to
Schittkowski [25] and have been generated by numerical simulation and addition of Gaussian noise with a standard
deviation of 5%.

The identification task is to estimate the values ofP, m andk. Each of the 3 data sets consists of 13 measurements
along the axial position of the reactor, ranging fromz= 0.1 toz= 20. The measurement data, the model files and
someMatLab™ routines can be retrieved fromhttp://www.avt.rwth-aachen.de/AVT/index.php?id=689.
The parameter values used for data generation are given in Table 1, along with the lower and upper bounds used
for parameter estimation.

parameter P k m
lower bound 10−4 10−4 0

exact 104 15 2
upper bound 109 102 102

Table 1: Parameter values used to create the measurement data and lower and upper bounds for the parameter estimation

3.1 Step 1 - Estimation of Derivatives

The first step in the IGPE method is to estimate the state derivatives based on the available measurements. Estimat-
ing derivatives is an ill-posed problem in the sense of Hadamard [26] and thus requires appropriate regularization
strategies. A variety of methods, such as filter [27] or spline-based [28] methods, have been proposed for this task.
In this paper, we use cubic smoothing splines, as described by Tikhonov [27], and subsequent differentiation of the
smooth spline function to estimate the derivatives. The smoothing splines algorithm automatically filters the data
such that low to high resolution and low to high noise level data can be used in exact the same manner.

This step is illustrated in Figure1 for yB,G at T = 400 K. The measurements are shown on the left plot along with
the exact values; the estimated derivative (as obtained from differentiation of the smooth spline function) and the
exact derivative (calculated using the model and the exact parameter values given in Table1) are given in the right
plot. It is seen that the derivatives are approximated well,even though they are slightly biased close toz= 0.

3.2 Step 2: Problem Transformation and Analysis

The objective of problem transformation is to determine a set of algebraic equations that can be used in a global
algebraic parameter estimation problem. This is achieved by first removing those equations containing derivatives
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Figure 1: Measurements and exact trajectory.
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Figure 2: Estimated and exact derivative.

of unmeasured state variables from the dynamic model (1), and then discretizing the remaining equations at the
measurement instances. Next, subsets of equations appropriate for the algebraic parameter estimation subproblem
(see subsection3.3) have to be identified. In these algebraic subproblems, the task is to determine those parameter
values that minimize the difference between the estimated state derivatives (see subsection 3.1) and those predicted
by the model. In particular, a subset of equations is said to form a suitable subsystem if it can be solved for the

derivatives of the participating differential state variables (
dyA,G

dz and
dyB,G

dz , here) at each measurement instance.

If the set of equations obtained by discretizing the model and removing those equations containing derivatives
of unmeasured state variables does not form a suitable subsystem, a suitable subsystem can often be obtained by
removing more equations from the model. In general, different suitable subsystems can be obtained depending
on which and how many equations are removed from the originalmodel; those subsystems may involve differ-
ent subsets of parameters. Note however that no algorithmicprocedure for the automatic generation of suitable
subsystems is currently available. Therefore, this step has to be performed manually by a modeling expert.



In the case study treated here, discretization at the measurement times yields the following algebraic system:

nA,i =
yA,G,iP

RTi
, (11)

nB,i =
yB,G,iP

RTi
, (12)

Gi =
(nA,i +nB,i +ninert,i)RTi

P
, (13)

yA,i =
yA,G,i

G
, (14)

yB,i =
yB,G,i

G
, (15)

dyA,G,i

dz
= −kyA,iΩ, (16)

dyB,G,i

dz
= mkyA,iΩ, (17)

with i = 1, . . .39 representing the measurement instances. Besides the given quantitiesR, Ω andninert, this algebraic

model contains 7×39 equations and the same number of unknown variables (nA,i ,nB,i ,Gi ,yA,i ,yB,i ,
dyA,G,i

dz ,
dyB,G,i

dz ).
For given values of the parametersk, m andP, this system can therefore be solved. In other words, Eqs. (11)-
(17) form a suitable subsystem and can be used in the subsequent steps without further modifications. Moreover,
two lower-dimensional suitable subsystems can be obtainedby dropping either Eq. (16) or Eq. (17). The various
suitable subsystems available along with the parameters present in each subsystem are reported in Table2.

Subsystem Eqs. Parameters
1 (11)-(17) P,k,m
2 (11)-(16) P,k
3 (11)-(15), (17) P,k,m

Table 2: Available suitable subsystems and parameters therein

3.3 Step 3: Global Algebraic Parameter Estimation

Any suitable subsystem singled out in step 2 of the IGPE procedure gives rise to an algebraic parameter estimation
problem that involves part or all of the unknown model parameters. Such NLP problems can be solved to global
optimality using state-of-the-art software packages suchasBARON [29]; (see also, Arnold Neumaier’s global
optimization page athttp://www.mat.univie.ac.at/~neum/glopt/software_g.html for an up-to-date list
of global optimization solvers).

In the eventuality that several suitable subsystems are available, one often has the option to solve a sequence of
lower-dimensional estimation problems rather than one single large problem. The advantage of solving a sequence
of lower-dimensional problems is mostly of computational nature, as it can decrease the overall effort tremen-
dously for problems having many parameters. On the other hand, a lower-dimensional problem uses part of the
available structural information and measurement data only, which may have an adverse effect on the accuracy of
the resulting parameter estimates. As mentioned above, an algorithmic procedure automatically determining the
most appropriate suitable subsystems is still lacking. However, as a general guideline, it is advisable to consider
the largest possible estimation problem that can be solved in an acceptable amount of time.

Back to the case-study problem, three suitable subsystems have been identified in step 2 of the IGPE procedure.
One possibility is to estimate parametersP and k based on subsystem 2 and then estimatem based on either
subsystem 1 or 3. Another possibility is to estimate all three parameters at once by using either subsystem 1 or 3.
Since the algebraic estimation problems are small and can besolved to global optimality fairly quickly, the latter
approach is advisable here. In addition, subsystem 1 is preferred to subsystem 3 since it uses more of the available
structural information.

It takes about 14 CPU-sec to get a global solution for the resulting estimation problem usingBARON [29]3. The
resulting parameter estimates are reported in the first row of Table3; the globally optimal parameter values for the
simultaneous estimation problem are also given in the second row for comparison purpose (they are different from
the values used to generate the data due to the presence of measurement noise). It can be seen that the parameter
estimates are close to the true global solution, yet slightly biased. This is to be expected, since a bias is introduced
in step 1 through the estimation of derivatives (see Figure2).

3All computation times have been obtained using an Intel CoreDuo 2.13 GHz PC with 2 GB of RAM, running Windows XP.



Parameter P k m
Optimal estimate after step 3 1.0e5 1.357e1 2.694

Globally optimal value 1.006e5 1.496e1 2.007

Table 3: Parameter estimates after step 3 of the IGPE method

3.4 Step 4 - Dynamic Complement

In the eventuality that not all parameters of the model couldbe estimated in step 3 of the IGPE procedure, i.e. if
no suitable subsystem could be isolated for one or more parameters, the remaining parameters must be determined
simultaneously by solving a global dynamic optimization problem. Although this step may reduce the efficiency
of the IGPE method significantly, observe that the dynamic complement problem contains fewer parameters than
the original dynamic estimation problem, so the IGPE methodremains advantageous in terms of computational
effort.

Since all the parameters of the case study problem could be estimated in step 3, this step can be skipped here.

3.5 Step 5 - Simultaneous Correction

In this last step, all the model parameters are estimated simultaneously by solving the original dynamic estimation
problem locally, starting from the incremental parameter estimates calculated in step 4 as the initial guess. Unlike
the incremental parameter estimates that are inevitably biased due to error propagation from the estimated state
derivatives, the simultaneous parameter estimates determined in this step are statistically optimal. Unfortunately,
no guarantee can be given that the resulting simultaneous parameter estimates will correspond to a global solution
of the problem (3) since only a local optimization is performed. However, ourexperience is that the IGPE proce-
dure typically finds a global solution to the original problem when reasonably informative measurement data are
available.

For the case-study problem, the simultaneous correction step is performed by usinggEST, the parameter estimation
routine provided bygPROMS. The computation takes approximately 4 CPU-sec and yields the globally optimal
parameter values. Overall, it takes about 18 CPU-sec to find the global optimum to the case-study problem.

3.6 Discussion

Several remarks on the IGPE algorithm are in order:

• Obviously, the quality of the estimated derivatives strongly depends on the quality and time resolution of
the measurement data. If the data are too scarce or noisy, theestimated derivatives will be highly erroneous.
The errors in the estimated derivatives will then propagateto the parameter estimates obtained in step 3.
The question therefore arises whether (and under which circumstances) the solution of the IGPE method is
identical to the solution obtained using simultaneous global parameter estimation.
Let popt denote the statistically sound parameter estimates as obtained from simultaneous global parameter
estimation, and letpIGPE,4 andpIGPE,5 denote the parameter estimates obtained after steps 4 and 5 of the
proposed incremental approach. Provided that the global estimatespopt are unique and that sufficiently rich
data are available to obtain good estimates of the state derivatives,pIGPE,4 is generally in the neighborhood
of popt. In turn, this allows local simultaneous correction in step5 of the IGPE approach to converge to
the globally optimal parameter estimates,pIGPE,5 = popt. Nevertheless, conditions on the measurement data
under whichpIGPE,4 would end up sufficiently close topopt are presently unavailable.
Therefore, the IGPE algorithm can be seen as apseudo-deterministic global optimization algorithm, in the
sense that deterministic global optimization is used, but no guarantee can be given that the global optimum
is obtained. Our experience with IGPE, however, is that the likelihood of finding the global optimum is
excellent in case of high quality measurements and still reasonably good in case of relatively scarce and
noisy data .

• It is important to mention that situations exist, where simultaneous approaches can be applied while IGPE
cannot. In particular, this may occur when few states are measured compared to the number of equations
in the model. In principle, a simultaneous dynamic parameter estimation problem can be formulated and
solved with just one data point available (even though the model parameters would likely be unidentifiable
with this minimal information); on the other hand, obtaining a suitable subsystem in the IGPE approach
usually requires that a few states at least be measured. Hence, the IGPE approach typically requires more
measurement data than simultaneous approaches, but at the same time this extra information helps reveal
situations where the parameters are unidentifiable.



4 Future Work
The presented case study shows that IGPE offers a high potential to efficiently identify the globally optimal pa-
rameter values of a DAE model. However, the IGPE method also has a number of limitations. First and foremost,
no guarantee that a global optimum is been found can be given.Particularly, the use of low quality and scarce
measurement data may lead to the global optimum being missed.

In future work the IGPE method will thus further be refined so as to alleviate the issue of not finding a global
optimum for the original simultaneous estimation problem.One idea would be to not only solve step 3 to global
optimality, but also retain a number of local optima whose solution values are close enough to the global solution
value. These solutions could then be used as various initialguesses in the simultaneous correction step. The
occurrence of multiple local, almost equally well solutions would also be interesting from a model development
point of view. This information would indeed indicate that the confidence in the parameter values might be low,
even though a confidence analysis at the global optimal solution might not reveal it. In this case either more data
or a less complex model structure should be considered.

Furthermore in its current form IGPE requires the user to identify suitable subsystems and decide on which one(s)
to use. To this end, an algorithmic procedure that automatically determines every, or better the most appropriate,
suitable subsystems is desirable and will be the focus of future research.

In addition, estimates of the errors on the estimated derivatives could be obtained at relatively low computational
cost, using for instance bootstrapping methods [30, 31]. These error estimates could then be used to decide on the
number of local optima that are to be retained in step 5. This way the probability of obtaining a global optimum
could be estimated. Furthermore, knowledge about the errors in the estimated derivatives could be used to solve a
weighted, as opposed to a non-weighted, least-squares problem in step 3 of IGPE.
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