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INCREMENTAL IDENTIFICATION OF TRANSPORT
COEFFICIENTS IN CONVECTION-DIFFUSION SYSTEMS∗

MAKA KARALASHVILI† , SVEN GROß‡ , ADEL MHAMDI† , ARNOLD REUSKEN‡ , AND

WOLFGANG MARQUARDT†

Abstract. In this paper, an incremental approach for the identification of a model for trans-
port coefficients in convection-diffusion systems on the basis of high-resolution measurement data is
presented. The transport is represented by a convection term with known convective velocity and
by a diffusion term with an unknown, generally state-dependent transport coefficient. The identifi-
cation of the transport model for this transport coefficient constitutes an ill-posed nonlinear inverse
problem. We present a novel decomposition approach in which this inverse problem is split into
a sequence of inverse subproblems. In the first identification step of this incremental approach a
source is estimated by solving an affine-linear inverse problem by means of the conjugate gradient
method. In the second identification step a nonlinear inverse problem has to be solved to reconstruct
a transport coefficient. A Newton-type method using the conjugate gradient method in its inner
iteration is used to solve this nonlinear inverse problem of coefficient estimation. Finally, in the
third identification step a transport model structure is proposed and identified on the basis of the
model-free transport coefficient reconstructed in the two previous steps. The ill-posedness of each
inverse problem is examined by using artificially perturbed transient simulation data and appropri-
ate regularization techniques. The identification methodology is illustrated for a three-dimensional
convection-diffusion equation which has its origin in the modeling and simulation of energy transport
in a laminar wavy film flow.

Key words. modeling, identification, transport, convection-diffusion equation, inverse problem,
regularization, parameter estimation

AMS subject classifications. 15A15, 15A09, 15A23

DOI. 10.1137/070692388

1. Introduction. Let Ω ⊂ R
3 be a computational domain, with boundary parts

∂Ω = ΓD ∪ΓN , where the indices D and N indicate the Dirichlet and Neumann parts
of the boundary, respectively. We consider the convection-diffusion equation

∂ρu

∂t
+ ∇ · (ρuw) − ∇ · (a∇u) = 0 in Ω × (t0, tf ](1.1a)

with initial and boundary conditions

u(x, t0) = u0(x), x ∈ Ω,

u(x, t) = gD(x, t), (x, t) ∈ ΓD × [t0, tf ],
∂u

∂n
(x, t) = gN (x, t), (x, t) ∈ ΓN × [t0, tf ].

(1.1b)

The scalar state variable u(x, t) represents, e.g., specific enthalpy in case of energy
transport or mass density in case of mass transport. ρ(x, t) stands for the density
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of the fluid. The vector field w(x, t) ∈ R
3 represents velocity and is assumed to be

known. The scalar function a( · ) denotes the unknown, in general state-dependent,
transport coefficient.

The transport coefficient describes complicated transport phenomena, for which
a multitude of competing candidate model structures can be formulated on the basis
of different assumptions and theories. Experimental data should be used to estimate
parameters that occur in these candidate models and to discriminate between the
competing candidate models using some reasonable measure of model validity.

The identification of transport coefficients from appropriate measurement data,
such as temperature or concentration, belongs to the class of ill-posed inverse prob-
lems. Many studies on the estimation of transport coefficients are available. A well-
established technique for the identification of transport coefficients, as a function of
states and time, relies on an optimization-based formulation which is used in the
framework of a coefficient inverse problem [2, 14]. In this approach, the reconstruc-
tion of the transport coefficient in model (1.1) uses suitable transient measurement
data um(x, t), (x, t) ∈ Ω × [t0, tf ]. It is often assumed that the initial and boundary
conditions of the problem are known. Much literature is available on the subject (see
[3, 11, 28] and the references therein); the treatment, however, is typically restricted
to one or two space dimensions. Furthermore, these studies do not aim at the re-
construction of a suitable transport model (structure and parameters) for transport
coefficients.

In the so-called simultaneous approach, problem (1.1) for the identification of
a model (structure and parameters) for the transport coefficient is solved for each
model candidate. This leads to a large number of complex estimation problems. As
a consequence, the discrimination between competing transport model candidates re-
quires high computational effort. Furthermore, if a model candidate for the transport
coefficient contains uncertainty or structural errors, this approach often yields biased
or poor estimates [29]. Often satisfactory results can be achieved only if the correct
model structure for the transport coefficient is known. In the present work, in con-
trast, we use a fundamentally different, so-called incremental approach [22] for the
identification of a structured model for the transport coefficient.

In the incremental identification approach, incremental modeling interplays with
the incremental identification. In incremental modeling, the structure of a model to
be identified is refined step by step by specifying submodels gradually in a sequence of
successive refinement levels. Consequently, decision making during the modeling pro-
cess is more transparent. The incremental identification of a model reflects the steps
of incremental modeling straightforwardly by splitting up the identification problem
into a sequence of subproblems. The discrimination between the candidate models
turns out to become more flexible as the replacement of a submodel on a certain
model refinement level affects only the submodels on the following levels. Often, this
strategy results in substantially less computational effort. The incremental strategy
already proved to be an efficient and robust alternative for the mechanistic modeling
of kinetic phenomena in multiphase systems [23], the reconstruction of diffusion coeffi-
cients in liquids [6], and the identification of complex reaction kinetics in homogeneous
systems [9].

In this paper, we present and investigate the incremental method of modeling
and identification for the class of inverse transport coefficient problems described by
(1.1). The application of the incremental approach to this class of problems is new.
As a first step in the analysis of this technique we show by means of simulated data
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that a time- and space-dependent transport coefficient can be reconstructed without
using any a priori knowledge on its functional representation. We assume in this
paper, that the model structure for the parametric model of the transport coefficient
is known. The incremental identification technique, however, can be directly applied
for the case when the model structure is unknown and has to be determined from
the data and prior knowledge on candidate model structures. Furthermore, in case of
different model candidates for the transport coefficient, the additional procedure of
model discrimination does not affect the overall technique described in this paper. We
analyze this identification approach and show that the method yields good results even
in the case of noisy measurement data. These results indicate that the incremental
approach is a promising method for this class of identification problems.

The paper is organized as follows. The incremental approach of modeling and
identification of transport phenomena is presented in section 2. The optimization-
based formulations for the inverse problems arising in the three steps of the iden-
tification procedure are given in section 3. We also describe the solution strategies
used to solve the inverse problems arising in the first two steps of the incremen-
tal identification procedure. In section 4 we present results of extensive numeri-
cal experiments for the identification of a model for the transport coefficient in a
three-dimensional convection-diffusion problem of type (1.1). This model problem is
motivated by research on energy transport in wavy films, using effective transport
coefficients [8, 12, 30]. Section 5 contains some conclusions and remarks concerning
future work.

2. Incremental modeling and identification. The key idea of the incremen-
tal approach is the gradual refinement of the model structure during identification,
reflecting the incremental steps which are common in model development. The main
steps of model development and their relation to incremental model identification are
outlined in the following.

2.1. Incremental modeling. Incremental modeling aims at a generic and struc-
tured process for the development of model equations [22, 23]. The starting point is
the formulation of the balance equations. The balance equation for a scalar state
u(x, t), that denotes the specific quantity conserved, is given by

∂ρu

∂t
+ ∇ · j = 0.

Here, j is the flux vector, which governs the rate of transfer of the conserved physical
quantity. This vector consists of a convective and diffusive part:

j = ρuw + q.

The use of the continuity equation leads to the convection-diffusion equation

model B:
∂u

∂t
+ w · ∇u = −1

ρ
∇ · q in Ω × (t0, tf ].(2.1)

At this decision level no additional assumptions are made about the potentially un-
certain constitutive relation for the diffusive flux vector q.

On the next decision level, the model is refined by specifying a functional form
of the flux q. Often a constitutive relation is used, for example, Fourier’s law in heat
transfer or Fick’s law in mass transfer, which can be, e.g., cast as

model F : q = −a∇u in Ω × (t0, tf ](2.2)
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with an unknown transport coefficient a. In empirical approaches one usually distin-
guishes different transport mechanisms, namely, transport by turbulent or molecular
mechanisms, with or without convection [10]. Accordingly, the transport coefficient in
(2.2) is represented as a sum of two contributions—the known molecular part amol, the
molecular transport coefficient corresponding to molecular transport (e.g., heat con-
duction in the fluid) and the unknown remaining part aw(x, t) capturing the remaining
transport effects (e.g., due to turbulence or other transport enhancing effects). In the
following, we call aw(x, t) the enhanced transport coefficient. Thus,

a(x, t) = amol + aw(x, t), (x, t) ∈ Ω × [t0, tf ].(2.3)

In the final step of the incremental modeling procedure, a further refinement level
is added by specifying a constitutive relation for the enhanced transport coefficient to
close the model. We formulate it in a generic way,

model T : aw(x, t) = fw(u(x, t),x, t, θ),(2.4)

to correlate aw with the state u and model parameters θ ∈ R
n.

2.2. Incremental identification. The incremental identification directly fol-
lows the steps of model development [23]. We assume throughout that appropriate
transient measurement data at sufficiently high resolution in space x and time t are
available. A schematic picture of the procedure is given in Figure 1.

We rewrite the balance equation (2.1) as

∂u

∂t
+ w · ∇u = F in Ω × (t0, tf ](2.5)

with

F (x, t) = −∇ · q(x, t), (x, t) ∈ Ω × (t0, tf ].(2.6)

Here, we have assumed for simplicity a constant density normalized to ρ = 1. In the
first step of the incremental identification procedure, the (artificial) source F (x, t)
is estimated, as a function of space and time, from the balance equation (2.5) with
proper initial and boundary conditions, on the basis of suitable measurements um(x, t)
of the state u(x, t). This is a typical example of a source inverse problem [2].

The incremental identification at the next level uses the estimated source F (x, t)
as model-based measurement data together with the transient measurements um(x, t)
to reconstruct the transport coefficient aw(x, t). Hence, accounting for (2.2), (2.3),
and (2.6), aw(x, t) has to be estimated from the equation

−∇ · ((amol + aw) ∇u) = −F in Ω × (t0, tf ],(2.7)

which corresponds to a coefficient inverse problem [2].
In the third step of the identification procedure the reconstructed coefficient

aw(x, t) is correlated with states as in (2.4) by solving a parameter estimation prob-
lem. Different model candidates involving the state u and model parameters θ can
be considered here. The measurement data are used to estimate parameters for each
candidate model. The best model is selected by carrying out a model discrimination
between candidates using some measure of model validity [29].

In this paper, we focus on the inverse problems that arise in the first two steps of
the incremental identification approach. In the third identification step we estimate
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Fig. 1. Incremental modeling and identification of transport phenomena.

model parameters in a model structure for the transport coefficient which is assumed
to be known, thus restricting ourselves to the estimation of one given model for the
transport coefficient.

For the numerical treatment of the source inverse problem in the first step it is
very convenient to consider a variant of (2.5) which uses the expression (2.7) for the
transport coefficient. This leads to

F (x, t) = ∇ · (amol∇u(x, t)) + Fw(x, t), (x, t) ∈ Ω × (t0, tf ].(2.8)

As a result, instead of F (x, t) it suffices to estimate the enhanced part Fw(x, t) of
the source term on the basis of transient measurement data um(x, t) (cf. Figure 1).
Consequently, in the first step of the identification procedure one has to reconstruct
the source term Fw(x, t) in the convection-diffusion equation

model B:
∂u

∂t
+ w · ∇u − ∇ · (amol∇u) = Fw in Ω × (t0, tf ](2.9a)

with initial and boundary conditions

u(x, t0) = u0(x), x ∈ Ω,

u(x, t) = gD(x, t), (x, t) ∈ ΓD × [t0, tf ],
∂u

∂n
(x, t) = gN (x, t), (x, t) ∈ ΓN × [t0, tf ].

(2.9b)

Compared to (2.5), we now have a convection-diffusion problem instead of a pure
convection problem. Due to the diffusion part, the numerical treatment becomes
easier. Furthermore, for u we can now use the same boundary conditions as in (1.1b).

In the second step of the incremental identification procedure, one has to deter-
mine the coefficient aw(x, t) in the diffusion equation (cf. Figure 1)

model F : − ∇ · (at
w∇ut) = −F t

w in Ω(2.10a)

with boundary conditions

ut(x) = gt
D(x), x ∈ ΓD,

∂ut

∂n
(x) = gt

N (x), x ∈ ΓN .
(2.10b)
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Here, for a space- and time-dependent function ξ(x, t) we have introduced the notation
ξt(x) := ξ(x, t), (x, t) ∈ Ω × [t0, tf ] to decouple the function values in time instants.
In (2.10) we thus have a steady-state diffusion problem for each given t ∈ [t0, tf ].

In the third step of the identification procedure, the reconstructed coefficients
at

w(x) at selected times t ∈ [t0, tf ] are correlated with states ut(x) and parameters θ
in the parametric model (cf. Figure 1):

model T : at
w(x) = fw(ut(x),x, t, θ), θ ∈ R

n.(2.11)

We briefly compare the incremental identification approach to the established
simultaneous identification approach. For this purpose, we insert the relation (2.4)
into the flux model and insert the result into the convection-diffusion equation (1.1a),

model BFT :
∂u

∂t
+ w · ∇u−∇ · (f(u(x, t),x, t, θ)∇u) = 0(2.12a)

in Ω × (t0, tf ]

with initial and boundary conditions

u(x, t0) = u0(x), x ∈ Ω,

u(x, t) = gD(x, t), (x, t) ∈ ΓD × [t0, tf ],
∂u

∂n
(x, t) = gN (x, t), (x, t) ∈ ΓN × [t0, tf ].

(2.12b)

While the incremental approach decomposes the identification process for the trans-
port coefficient in three steps, in the simultaneous approach the models for the flux
(e.g., (2.2)) and for the transport coefficient (e.g., (2.4)) are collected in one equation
(2.12b). Hence, all the assumptions made during the modeling will simultaneously
influence the identification. Due to this, the level of uncertainty of the simultaneous
problem (2.12) has increased, leading to a higher risk of poor estimates.

A further advantage of the incremental approach is that for known velocity w(x, t)
and molecular transport coefficient amol, it suffices to reconstruct the source Fw(x, t)
at the first level and the enhanced transport coefficients at

w(x) at the second level only
once. The complexity of the selection of suitable candidate models for the transport
coefficient affects the third (final) level only, thus allowing for a more systematic
identification of the best-suited model structure.

Compared to the simultaneous problem (2.12), where a nonlinear coefficient in-
verse problem in space and time has to be solved, the incremental identification pro-
cedure has advantages from the optimization point of view. The reconstruction of the
source in the first step results in a dynamic optimization problem, which is affine-
linear in the unknown. The latter property implies that (compared to a strongly
nonlinear case) relatively simple and efficient optimization methods can be applied.
In the second step of the identification procedure, we have to deal with a nonlin-
ear coefficient inverse problem which, however, is of steady-state type for each given
time t; see (2.10). In this sense the incremental approach decouples dynamics and
nonlinearity, which has advantages for the numerical treatment of nonlinear inverse
problems for evolution equations in three space dimensions. Furthermore, the combi-
natorial problem of identifying a suitable model structure for the transport coefficient
is decoupled from the problem of inversion of differential equations.

The estimation problems arising in the first two steps of the incremental approach
are typical inverse problems, ill-posed by nature. This raises, however, the question
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of error propagation through the sequence of inverse problems. This issue is studied
for the illustrative model problem in section 4.

3. Formulation and solution of the inverse problems. The inverse prob-
lems resulting in the three incremental steps are formulated as optimization problems
and solved with state-of-the-art methods [1, 2, 14].

3.1. Problem formulations. In the first step of the incremental identification
procedure, the source Fw should minimize the quadratic objective functional

J1(Fw) =
1
2

∫ tf

t0

∫
Ω

[u(x, t; Fw) − um(x, t)]2 dx dt(3.1)

with suitable transient measurement data um(x, t), (x, t) ∈ Ω×[t0, tf ]. Here u(x, t; Fw)
is the solution of the direct problem (2.9) with known initial and boundary conditions
u0, gD and gN , respectively.

Similarly, the second identification step concerns the estimation of the enhanced
transport coefficients at

w(x) as a functions of space x at selected times t ∈ [t0, tf ],
using the previously estimated source F t

w(x) and the measurement data ut
m(x). The

optimization-based formulation of this coefficient inverse problem consists of the min-
imization of the objective functional

J2(at
w) =

1
2

∫
Ω

[
ut(x; at

w) − ut
m(x)

]2
dx.(3.2)

Here ut(x; at
w) denotes the solution of the direct problem (2.10) for given at

w.
Finally, in the third identification step, a least-squares problem is posed such that

parameters θ ∈ R
n in the model f(ut(x),x, t, θ) (cf. (2.11)) minimize the objective

functional

J3(f(ut(x),x, t, θ)) =
1
2

∑
t

∫
Ω

[
at

w(x) − f(ut(x),x, t, θ)
]2

dx,(3.3)

where at
w(x) represents the reconstructed transport coefficient at times t ∈ [t0, tf ].

This estimation problem depends strongly on the availability of candidate models
f( · ). In cases where no reasonable (structured) model can be formulated (i.e., the
model structure is unknown), a general parameterization capable of approximating
functions from a sufficiently large class should be introduced for the transport coeffi-
cients at

w and the model parameters θ should be estimated by means of data-driven
techniques [20]. In case of available (structured) model candidates, e.g., from physical
considerations or a priori knowledge, the parameters θ are to be estimated for each
candidate model. Subsequently, the adequacy of the different candidates has to be
quantified with the use of model discrimination approaches in order to choose the best
model for the transport coefficient [29].

3.2. Numerical optimization strategies. For the solution of the optimization
problem in the first step of the incremental approach, the conjugate gradient method
is used [15, 24]. The optimization problem in the second step is solved by means
of an inexact Newton-type method, which is an appropriate technique for a large
class of nonlinear inverse problems [14]. In this paper, regularization is introduced
only via the fixed spatial and temporal discretization and by means of a suitable
stopping criterion for the optimization algorithms. Hence, for a given discretization,
the number of optimization iterations serves as the only regularization parameter [14].
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Either the heuristic L-curve method [19] or the discrepancy principle [14] is used to
determine an appropriate value of this parameter.

The realization of the two optimization strategies used for the solution of the
inverse problems within the first two steps of the incremental identification procedure
requires two nontrivial values: the direction of descent of the objective functional and
the length of descent along that direction. In the following subsections we will briefly
sketch these issues. For the derivation of the arising adjoint and sensitivity problems
see, e.g., [1, 2].

Finally, for the solution of the unconstrained minimization problem (3.3) in the
third step of the incremental identification procedure, we use standard solution tech-
niques for least-squares problems [24]. In our case study (cf. section 4), we only
consider a single model candidate for the transport coefficient, hence implicitly as-
suming that the model structure is known.

3.2.1. Estimation of the source Fw(x, t). For the minimization of the ob-
jective functional (3.1) with constraints (2.9), the conjugate gradient (CG) method
is used [1, 15, 17, 24]. Here, the unknown function is sequentially updated during
the iteration process starting from some initial guess by moving along a (conjugate)
descent direction F̃n

w with an optimal step length μn at optimization iteration n with

Fn+1
w = Fn

w − μnF̃n
w .(3.4)

Each new descent direction F̃n
w in (3.4) is calculated according to

F̃n
w = ∇J1(Fn

w) + γnF̃n−1
w(3.5)

with ∇J1(Fn
w) the gradient of the objective functional (3.1) and γn the conjugate

coefficient. It can be shown (e.g., [1]) that this gradient satisfies

∇J1(Fn
w) = ϕ1 in Ω × [t0, tf ],(3.6)

where the adjoint variable ϕ1 is the solution of the adjoint problem

−∂ϕ1

∂t
− w · ∇ϕ1 − amolΔϕ1 = [u(Fn

w) − um] in Ω × [t0, tf ),(3.7a)

ϕ1(x, tf ) = 0, x ∈ Ω,

ϕ1(x, t) = 0, (x, t) ∈ ΓD × [t0, tf ],
∂ϕ1

∂n
(x, t) = 0, (x, t) ∈ ΓN × [t0, tf ],

(3.7b)

with u(Fn
w) the solution of the direct problem (2.9). In contrast to this direct problem,

we now have a condition at final time tf . Going backward in time (by introducing a
new time variable tf −t), (3.7) shows exactly the same structure as the direct problem
(2.9), only with different initial and boundary conditions.

The step length μn in (3.4) is obtained by solving a one-dimensional minimization
problem resulting in

μn =

(
um − u(Fn

w), S1(F̃n
w)

)
H∥∥∥S1(F̃n

w)
∥∥∥2

H

.(3.8)
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Here, we assumed H to be a given (Hilbert) space; S1 is the solution of the sensitivity
problem given by

∂S1

∂t
+ w · ∇S1 − amolΔS1 = F̃n

w in Ω × (t0, tf ],(3.9a)

S1(x, t0) = 0, x ∈ Ω,

S1(x, t) = 0, (x, t) ∈ ΓD × [t0, tf ],
∂S1

∂n
(x, t) = 0, (x, t) ∈ ΓN × [t0, tf ].

(3.9b)

This partial differential equation has exactly the same structure as the corresponding
direct problem (2.9), only the initial and boundary conditions are different.

Thus, the CG algorithm for minimizing J1 requires the solution of three very
similar problems in every iteration, namely, the direct, the adjoint, and the sensitivity
problem. However, due to the linearity of the involved equations only two problems—
the adjoint (3.7) and the sensitivity (3.9) problem—have to be solved [17].

3.2.2. Estimation of the transport coefficients at
w(x). For the minimiza-

tion of the objective functional (3.2) with constraints (2.10) a Newton-type method is
used. The basic idea of the truncated Newton-CGNE method is the computation of a
regularized approximation of the linearized problem by an inner iteration, namely, a
CG method [18]. The termination criterion used for the CG (inner) iteration relates
this method to the general class of inexact Newton methods [18, 24]. The sequential
update formula for the unknown functions at

w at selected times t ∈ [t0, tf ] during the
Newton (outer) iterations k = 1, 2, . . . is given by

at,k+1
w = at,k

w + xn�(3.10)

with the update xn� , the result of the n�th CG iteration. In analogy to (3.4), the
descent direction and step length are required for the sequential update of this quantity
within each CG iteration.

The descent direction ãt,n
w at given time t and CG iteration n and the step length

αn are obtained from formulas similar to (3.5), (3.8) [18]. The only difference consists
in replacing ∇J1(Fn

w) in (3.5) by the adjoint variable ϕt
2, which is the solution of the

adjoint problem

−∇ · (at,n
w ∇ϕt

2) = [ut(x; at,n
w ) − ut

m(x)] in Ω,(3.11a)

ϕt
2(x) = 0, x ∈ ΓD,

∂ϕt
2

∂n
(x) = 0, x ∈ ΓN .

(3.11b)

Here, ut(x; at,n
w ) denotes the solution of the corresponding direct problem (2.10) for a

given time t and value of at,n
w (x). This problem has the same structure as the direct

problem (2.10).
The step length αn is calculated by replacing S1 in (3.8) with the solution St

2 at
time t of the sensitivity problem

−∇ · (at,n
w ∇St

2) = ∇ · (ãt,n
w ∇ut) in Ω,(3.12a)

St
2(x) = 0, x ∈ ΓD,

∂St
2

∂n
(x) = 0, x ∈ ΓN .

(3.12b)
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This equation has the same structure as the corresponding direct problem. Note,
however, that apart from the different boundary conditions one also has a specific
right-hand side in this sensitivity equation, which arises due to the nonlinearity of the
coefficient inverse problem.

In the truncated Newton-CGNE method, one has to solve an adjoint and a sen-
sitivity problems in each CG iteration for the determination of the descent direction
and the step length, respectively. Due to the nonlinearity of the estimation problem,
however, the direct problem (2.10) has to be solved in each Newton iteration.

3.2.3. Solution of the underlying PDE problems. All direct, sensitivity,
and adjoint problems to be solved as part of the numerical optimization strategies
described above are of either elliptic or parabolic (convection-diffusion) type. Hence,
similar numerical techniques can be employed for their solution.

The solutions of all three-dimensional problems are calculated by means of the
software package DROPS [13]. DROPS is based on multilevel nested grids and con-
forming finite element discretization, methods. For time discretization, a standard
one-step θ-method is used. For the space discretization, piecewise linear finite ele-
ments on a tetrahedral grid are employed. The resulting discrete systems of linear
equations are solved by suitable Krylov subspace methods. In case of the convection-
diffusion equations (i.e., (2.9), (3.7), (3.9)) we use a preconditioned generalized min-
imal residuals (GMRES) method. For the diffusion problems (i.e., (2.10), (3.11),
(3.12)) a preconditioned CG method is applied [27]. For the simulations presented in
this paper the SSOR method is used for preconditioning. Other options, for example,
multigrid solvers, are available in DROPS. In this paper we do not study the perfor-
mance of these solvers for the direct, the sensitivity and the adjoint problems. We
use a fixed (quasi-uniform) mesh for discretization and prescribe a tolerance to which
the resulting linear systems are solved.

4. Illustrative case study. In this section, the incremental approach is illus-
trated for a problem motivated by the identification of energy transport in laminar
wavy film flows. The complex dynamics of the nonlinear surface waves typically
present in film flows [16, 25] renders a direct transient simulation in three dimensions
numerically very complicated and computationally expensive. Therefore, manageable
approximate descriptions, yet accurately modeling the underlying transport processes,
have gained increasing importance in the engineering literature to support the design
of technical systems [8]. A possible simplified model is as follows. To reduce the
problem complexity, the three-dimensional time-varying domain ΩW corresponding
to the liquid phase is mapped to a three-dimensional time-invariant waveless domain
Ω := (0, Lx)× (0, Ly)× (0, Lz) ⊂ R

3. This reduction is compensated by the introduc-
tion of a space- and time-dependent effective transport coefficient aeff(x, t) [8, 12, 30]
to capture all wave-induced transport effects in this flat film geometry.

Such a flat film model is considered in the remainder. It consists of a convection-
diffusion system which describes energy transport in a single component fluid on the
flat (rectangular) domain Ω with boundary Γ = ∂Ω with parts Γ = Γin ∪Γwall ∪Γout ∪
Γr defined as

Γin = {(x, y, z) ∈ Γ : x = 0} ⊂ ΓD − the inflow boundary,

Γwall = {(x, y, z) ∈ Γ : y = 0} ⊂ ΓD − the wall boundary,

Γout = {(x, y, z) ∈ Γ : x = Lx} ⊂ ΓN − the outflow boundary,

Γr = Γ \ (Γin ∪ Γwall ∪ Γout) ⊂ ΓN − the remaining boundaries.
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The state variable in (1.1) is now u(x, t) = cT (x, t) with the temperature T (x, t) and
heat capacity c. Whereas for the transport coefficient a(x, t) = ρaeff(x, t) applies,
with the effective thermal diffusivity aeff(x, t) and density ρ. We assume c and ρ to
be constants. The unit cube Ω = (0, 1)3[mm3] is considered as computational domain
for simplicity of presentation and to avoid possible numerical complications due to
anisotropy effects. x corresponds to the flow direction of the falling film and y is
the direction along the film thickness. The velocity w(x, t) is given by a Nusselt
profile, i.e., w(x, t) = 4.2857(2y − y2) [26]. The initial condition is a constant, i.e.,
T (x, 0) = 15◦C,x ∈ Ω. The known Dirichlet boundary conditions are chosen as
follows. The inflow temperature has a linear profile in y and drops from 15◦C to 0◦C
along the y axis over time, i.e.,

Tin(x, t) = −30yt + 15, (x, t) ∈ Γin × [t0, tf ].(4.1a)

The wall temperature has a nonlinear profile in x and increases from 15◦C to 65◦C
along the x axis over time, i.e.,

Twall(x, t) = 100
(
1 − cos

(π

2
x
))

t + 15, (x, t) ∈ Γwall × [t0, tf ].(4.1b)

At the Neumann boundaries Γout and Γr a zero diffusive flux condition is used, i.e.,

∂T

∂n
(x, t) = 0, (x, t) ∈ (Γout ∪ Γr) × [t0, tf ].(4.1c)

The effective thermal diffusivity aeff is chosen to have a sinusoidal pattern over
the space coordinate in the flow direction of the falling film (i.e., the x-direction). The
wavy pattern is assumed to be time-dependent, such that the waves travel along the
x-direction starting from a constant value at the inflow boundary Γin (i.e., x = 0 mm).
They propagate along the y- and z-directions with a larger gradient in the y-direction
(film thickness) starting from a constant value at the wall boundary Γwall (i.e., y =
0 mm) and with a relatively small gradient in the z-direction:

aeff(x, t) = amol + aw(x, t),(4.2a)

aw(x, t) = 5
(

1.1 +
y

5

(
sin

(
πx +

t

50

)
+ x +

xz

10

))
,(4.2b)

(x, y, z, t) ∈ Ω × [t0, tf ].

The material properties of the fluid are lumped in the known constant molecular
thermal diffusivity amol = 0.35mm2

s , whereas the remaining part of the effective ther-
mal diffusivity aeff(x, t) represents the unknown wavy thermal diffusivity aw(x, t), the
transport coefficient capturing the wave-induced effects in the flat film model.

In this setting, a model fw(x, t, θ) (cf. (2.4)) for the “true” wavy thermal diffu-
sivity aw(x, t) in (4.2b) can be formulated as

fw(x, t, θ) = 5 (ϑ1 + ϑ2y (sin (ϑ3x + ϑ4t) + 0.2x + ϑ5xz)) ,(4.3)

(x, y, z, t) ∈ Ω × [t0, tf ], θ ∈ R
5,

where the vector θ = (ϑ1, . . . , ϑ5) represents the vector of model parameters. A
comparison of (4.2b) and (4.3) reveals the true underlying value θex to be

θex = (1.1, 0.2, π, 0.02, 0.1).(4.4)
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To generate high-quality temperature simulation data the nonlinear direct prob-
lem (2.12) with the “true” effective thermal diffusivity given in (4.2) is solved on a
uniform fine grid with the spatial discretization consisting of 48 × 48 × 38 intervals
in x, y, and z directions, respectively. This yields a space discretization with 89,856
unknowns and 525,312 tetrahedra.

For the solution of the inverse problems in the first two steps as well as for the
solution of the parameter estimation problem in the third step of the incremental
identification, we use the temperature data Tm on the coarser grid of resolution 24 ×
24 × 19 intervals in x, y and z directions, respectively, to avoid the so-called inverse
crime [21].

In the first step of the incremental identification procedure, we use the implicit
Euler scheme with time step τ = 0.01s and apply 50 time steps starting from the initial
time t0 = 0 s (i.e., tf = 0.5 s). For the initial approximation in the optimization
procedure, due to the lack of better information, we choose F 0

w(x, t) = 0, (x, t) ∈
Ω × [0s, 0.5 s].

In the second step of the incremental identification procedure, the same boundary
conditions (4.1) are used. The time interval [0s, 0.5s] is subdivided in 50 time steps and
the estimation of the wavy thermal diffusivity is carried out separately for each point
in time. The initial time t0 = 0s is a singular point, because the initial temperature is
constant and no reconstruction is possible, since the coefficient is not uniquely defined
in this case (cf. (2.9)).

Fig. 2. Initial approximation for the wavy thermal diffusivity at,0
w at t = 0.01 s and constant

z = 0.5 mm.

As expected, the choice of a suitable initial vector for the optimization method
is much more important for the nonlinear optimization problem in the second iden-
tification step than for the linear one in the first step. In our experiment, we use the
constant

at,0
w = 5.5(4.5)

as initial guess for the wavy thermal diffusivity in the first time step t = 0.01 s (cf.
Figure 2). This initial guess is very different from the true solution, but coincides with
the inflow (x = 0 mm) and wall (y = 0 mm) boundary conditions ΓD. According to its
boundary conditions (3.11b), the solution of the adjoint problem (3.11) is always zero
along these boundaries. As a consequence, no improvement can be gained during the
iteration process of the truncated Newton-CGNE method, since the search direction
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Fig. 3. Estimated source Fw at different times for constant z = 0.5 mm with unperturbed
measurements for nopt = 200.

within the CG (inner) iteration will not be updated [2, 17]. Subsequently, an update
also is not possible in the Newton (outer) iteration by (3.10). Hence, with such a
choice of the initial guess we exclude the boundaries from the estimation where no
information can be gained.

In the third step, the estimated functions at
w(x) at time instants t ∈ [0.01 s, 0.5 s],

are used as model-based measurement data to estimate the model parameters θ ∈ R
5

of the model (4.3) by solving the least-squares problem (3.3). The initial guess θ0 =
(0.5, 0.5, 0.5, 0.5, 0.5) is chosen in all of our computations.

Estimation results with error-free measurements will be considered first. Subse-
quently the estimation with artificially perturbed measurements will be analyzed.

4.1. Estimation with error-free measurements. The snapshots of the source
estimates Fnopt

w (x, t) in the first step of the incremental identification procedure are
presented in Figure 3. In our observation, the convergence in the result was achieved
after nopt = 200 optimization iterations. During the optimization the initial approx-
imation at the boundaries Γin (x = 0 mm) and Γwall (y = 0 mm) could not be
improved, since the optimality condition ∇J1(Fw) = 0 is achieved along these bound-
aries. This follows directly from the boundary conditions (3.7b) of the corresponding
adjoint problem (3.7) and the expression (3.6).

The estimation of the wavy thermal diffusivities at
w(x) at times t ∈ [0.01 s, 0.5 s]

in the second step of the incremental approach, uses the estimated source F t,200
w (x) at

iteration nopt = 200 and the temperature T t
m(x) at given time t. We choose (4.5) as

the initial approximation at time t = 0.01 s. In contrast, already computed estimates
at time instants t ≥ 0.01 s are used as initial guesses for times (t + τ). Note, that the
initial value for time t = 0.01 s restores the information lost at the inflow and wall
boundaries at which the source Fw(x, t) could not be reconstructed in the first step.

The estimates of the wavy thermal diffusivity for z = 0.5 mm at selected times
are shown in Figure 4(a), whereas Figure 4(b) shows contour lines of the differences
between the exact and the estimated quantities. The estimates in these figures have
been obtained as follows. At time t = 0.01 s, 100 Newton iterations were applied.
The analysis of the results for later times t > 0.01 s shows that the solution converges
already in five Newton iterations. Moreover, it is possible to reduce the number of
the inner iterations remarkably, because very good initial values are available at later
times. A closer look at the results reveals that, independent of time, the estimation
quality decreases in the x-direction (i.e., the direction of flow) by approaching the
outflow boundary Γout (i.e., x = 1 mm). This can be observed in Figure 5, where
the estimates are presented exemplarily for t = 0.01 s as a functions of y for x ∈
{0.2, 0.5, 1} mm and z = 0.5 mm. The development of the estimates for different
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Fig. 4. (a) Estimated (meshed surface) and exact (shaded surface) wavy thermal diffusivities
at

w, and (b) deviation between exact and estimated wavy thermal diffusivities at
w at different times.

numbers of Newton iterations nopt is shown in the figures, too. The reason for this
distortion is that at the outflow boundary Γout the estimation quality of the source
Fw in the previous step is impaired by the lack of information as at this boundary;
due to convection, not enough information is available for the reconstruction of the
unknown function from the data.

The estimates of the wavy thermal diffusivity at different numbers of Newton
iterations nopt as a function of x for y ∈ {0.2, 0.5, 1} mm and z = 0.5 mm at times t =
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Fig. 5. Estimated wavy thermal diffusivity at
w at different Newton iterations nopt, time t =

0.01 s, different x, and constant z = 0.5 mm.
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Fig. 6. Estimated wavy thermal diffusivity at
w at different Newton iterations nopt, two different

times, three different y, and constant z = 0.5 mm.

{0.01, 0.4}s are presented in Figure 6. Because of the very good initial approximation,
at large times (e.g., for t = 0.4 s in the figure) convergence is achieved for nopt < 5.

In the third identification step the model parameters θ ∈ R
5 are estimated using

the reconstructed transport coefficients at
w(x) at times t ∈ [0.01 s, 0.5 s] and the

proposed model fw(x, t, θ) (cf. (4.3)). known constant value, we present the results of
model estimation without its influence. Figure 7(a) shows the deviations between the
reconstructed wavy thermal diffusivities at

w(x) and the optimal solution fw(x, t, θ�)
for selected times t ∈ {0.01, 0.4} s. A high reconstruction quality is achieved. The
resulting optimal value for the model parameter vector

θ� = (1.12, 1.05, 3.12, 0.02, 0.06)(4.6)

is in a good agreement with the exact value θex in (4.4). In Figure 7(b) the estimation
results for constant y = 0.5 mm and z = 0.5 mm at different identification steps
of an incremental approach are presented together with the “true” wavy thermal
diffusivity at

w(x) (cf. (4.2b)) and their initial guesses for a detailed comparison. There
is an obvious bias which can be attributed to error propagation in the incremental
identification procedure [5]. This bias can be easily eliminated by a final simultaneous
step which converges quickly due to very good initial values [9].

4.2. Estimation in the presence of measurement errors. In this section,
we perturb the measured temperature Tm by an artificial measurement error ω. The
values of ω are generated from a zero mean normal distribution with variance one.
We compute the perturbed temperature T̃m by

T̃m = Tm + σω
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Fig. 7. (a) Deviation between the wavy thermal diffusivity estimated in the second step and
the model fw estimated in the third step of the incremental approach, and (b) true wavy thermal
diffusivity, estimated wavy thermal diffusivity at

w in the second step and estimated model fw in the
third step of the incremental approach at different times for constant y = 0.5 mm and z = 0.5 mm.

with σ being the standard deviation of the measurement error. The parameter σ
is used to control the amount of error added to the exact data. We take the value
σ = 0.1 in the following simulation experiments.

In the presence of measurement errors, an increasing number of iterations eventu-
ally leads to poorer estimation quality due to the undesirable effect that measurement
errors are resolved. Therefore, a compromise between the residual and the solution
norm has to be established by an appropriate regularization [19]. Besides the (fixed)
regularizing effect of time and space discretization, the number of optimization itera-
tions is used as a regularization parameter. An appropriate value for this parameter
can be obtained by the L-curve, which is a parameterized plot of the residual against
a smoothing norm of the solution.

The results of source term estimation will be presented first. The L-curve method
suggested nopt = 100 as a reasonable choice of the regularization parameter for the
given value of σ. The snapshots of the regularized optimal estimates Fnopt

w (x, t) are
shown in Figure 8 for constant z = 0.5 mm. Due to the errors in the measurements,
the estimates are no longer smooth, but the qualitative behavior is the same as for
the case without measurement noise (cf. Figure 3). This can be observed in detail
in Figure 9, where the results of the estimation Fnopt

w (x, t) obtained with perturbed



INCREMENTAL IDENTIFICATION 17

t = 0.01 s t = 0.03 s t = 0.4 s

0 0.2 0.4 0.6 0.8 1
00.20.40.60.81

0

1000

2000

3000

4000

x [mm]y [mm]

F
wn

o
p

t

0 0.2 0.4 0.6 0.8 1
00.20.40.60.81

0

100

200

300

x [mm]y [mm] 0 0.2 0.4 0.6 0.8 1

00.20.40.60.81

0

100

200

300

x [mm]y [mm]

Fig. 8. Estimated source Fw at different times for constant z = 0.5 mm with perturbed mea-
surements (σ = 0.1) for nopt = 100.

data is compared to the estimates F 200
w (x, t) obtained with exact data in the previous

section.
The regularization parameter can be determined alternatively using the discrep-

ancy principle [14]. Here the knowledge of the error’s magnitude is used to propose
the stopping condition for the objective functional: the iteration is stopped when the
residual approximately equals the error level σ. Using (3.1), we get the condition

J1(Fn
w) < κ1(tf − t0)V σ,(4.7)

where V is the volume of Ω and κ1 > 1. For a value of κ1 = 1.01 the optimal number
of iterations is nopt = 16 for a given error σ = 0.1. The estimate obtained at this
point is smoother, however overregularized, whereas the one suggested by the L-curve
method shows oscillations but is closer to the estimations obtained with unperturbed
data. Therefore, we took the estimates obtained by the L-curve principle in the next
identification step.

For the estimation of the wavy thermal diffusivities at
w(x) at times t ∈ [0.01 s, 0.5 s],

the regularized optimal solution F t,nopt
w (x) and the measurement data T̃ t

m are used
in the corresponding direct problem (2.10) for a given time t. We apply the L-curve
and the discrepancy principle to find the optimal value for the number of Newton
iterations in the truncated Newton-CGNE method. The stopping condition for the
Newton iteration based on the discrepancy principle is

J2(at,k
w ) < κ2V σ.(4.8)

In experiments we tried different values of κ2 > 1 and always observed that the
estimates obtained by the discrepancy principle are smoother but still overregularized,
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Fig. 10. Estimated wavy thermal diffusivity at
w for noise level of σ = 0.1 after corresponding

optimal nopt iterations at different times for constant z = 0.5 mm and different y.

whereas those suggested by the L-curve method contain oscillations but are closer to
the exact quantity. The same result has been observed for source estimation in the
first step for the example considered. A good understanding of the regularizing effects
of the CG method is well developed for linear problems [19], whereas a practical
understanding of the regularizing effect for the truncated Newton-CGNE method
is rather speculative [18]. Nevertheless, the choice of an appropriate value for the
regularization parameter is rather problem dependent and relies to a large extent on
user experience. In Figure 10, the optimal regularized estimates for the chosen noise
level σ = 0.1 obtained from the L-curve method are presented as a function of x for
z = 0.5 mm and different values of y at selected times. Due to the reasons stated
above in the noisefree case, we see again, that estimation quality decreases near the
outflow at x = 1 mm. Here, in contrast to the noisefree case, the estimates computed
for t = 0.01 have been used as initial approximations for later times t > 0.01 s.

Finally, to estimate the model parameters θ ∈ R
5 in the model fw(x, t, θ) (cf.

(4.3)) the regularized optimal solutions at nopt
w (x) at times t ∈ [0.01 s, 0.5 s] are used.

In Figure 11(a) the deviations between the optimal regularized wavy thermal diffu-
sivity from the second step and the optimal, estimated model fw(x, t, θ�) in the third
step are presented for selected times. The resulted optimal value of the parameter
vector amounts to

θ� = (1.15, 1.08, 3.17, 0.09, 0.08).(4.9)

In Figure 11(b) the estimations at different identification steps are presented once
more together with the true wavy thermal diffusivity at

w(x) (cf. (4.2a)) for constant
y = 0.5 mm and z = 0.5 mm and selected times. The estimation quality has decreased
compared to the noisefree case above; however, a quite good reconstruction has been
achieved.

Remark 1. For numerical validation of the incremental identification method we
postulated a model of the form (4.3) to generate temperature simulation data. In such
a setting a simultaneous approach can be applied, in which the unknown parameter
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Fig. 11. (a) Deviation between the regularized wavy thermal diffusivity estimated in the second
step and the model fw estimated in the third step of the incremental approach at different times
for the noise level σ = 0.1. (b) True wavy thermal diffusivity, regularized wavy thermal diffusivity
at nopt

w in the second step and estimated model fw in the third step of the incremental approach at
different times for constant y = 0.5 mm and z = 0.5 mm for the noise level σ = 0.1.

vector θ ∈ R
5 is estimated using the model in (2.12) and temperature data Tm(x, t)

for the function u(x, t) therein. This, however, results in an optimization problem
of huge complexity. We do not know of any literature in which the simultaneous
approach has been applied successfully to this type of three-dimensional inverse prob-
lem. Furthermore, we emphasize that in a practical setting the model structure is
mostly not known and thus a simultaneous approach is not easily applicable. Due to
these difficulties related to the simultaneous approach a fair comparison between the
incremental and the simultaneous approach is a difficult issue and will not be treated
in this paper.

5. Conclusions. A novel method for the incremental identification of transport
models for transport coefficients in convection-diffusion systems is presented. The
simultaneous model is split into three hierarchically structured submodels. The iden-
tification problems in the first two steps (levels) have to be solved only once. The
model for the transport coefficient has to be estimated in the third step.

The approach is illustrated for the identification of a model for an effective thermal
diffusivity in a three-dimensional convection-diffusion problem which is similar to a
flat film model used to investigate energy transport in laminar wavy film flows. The



20 KARALASHVILI, GROß, MHAMDI, REUSKEN, AND MARQUARDT

first step of the incremental identification is rather easy to handle due to the linearity
of the corresponding source inverse problem. The results obtained with a CG method
at this level are quite satisfactory both for errorfree and noisy measurements. The
second step of the identification is far more complex due to the strong nonlinearity and
high degree of ill-posedness of the coefficient inverse problem that has to be solved.
The truncated Newton-CGNE method, belonging to the class of inexact Newton-
type methods, is used to solve this problem as it is known to be very suitable for
such nonlinear inverse problems [14]. For good results one needs, however, an initial
approximation which is sufficiently close to the solution. Finally, in the third step,
a single model for the effective thermal diffusivity is considered and the parameter
estimation for it is carried out. The interplay between the three steps both with and
without measurement errors is investigated by means of an illustrative case study.

We have, for the first time, successfully applied the concept of incremental model
identification to a complicated transport problem in three dimensions. We did not
address the model discrimination issue in the third step of the incremental approach,
where the best model is chosen from a set of candidate models by discriminating
between the candidates using some reasonable model fit criterion [29].

Future work will address the following issues in addition to model discrimination
in the third step. Robust regularization techniques will be studied in more detail.
Besides the number of iterations, the discretization in space and time has a regu-
larizing effect which needs to be properly exploited in an appropriate discretization
framework. Furthermore, ill-posedness can be handled by adding a (Tikhonov) regu-
larization term to the corresponding objective functional [14]. The interplay between
such a regularization on the level of the problem with those regularizing effects in
the numerical method, has to be analyzed carefully (see, e.g., [4, 7]). A further issue
is a better theoretical understanding of the error propagation through the sequence
of inverse problems in the incremental approach similar to [5]. Finally, in this paper
we do not present a detailed comparison with the simultaneous approach (as in [5]),
which is also a topic of current research.
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[30] W. Wilke, Wärmeübergang an Rieselfilmen, VDI-Forsch.-Heft 490, VDI-Verlag, Düsseldorf,

1962.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


