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RWTH Managing Complexity of Kinetic Phenomena E_LFJ/}’ -

experimental and

product & process systems theoretical methods & tools

integrated method development
towards a work process of model-based experimental analysis

=)
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IRWTH Collaborative Research Centre 540 EF:‘; -

Model-based Experimental Analysis

of Kinetic Phenomena in Fluid
Multi-phase Reactive Systems

13 research groups with cross-disciplinary expertise
* biotechnolgy (Ansorge-Schuhmacher)
 biochemical engineering (Buchs)

* reaction engineering (Greiner, Leitner)

 thermal separations (Pfennig)

* transport phenomena (Kneer)

» multiphase fluid dynamics (Modigell)

« computational engineering science (Behr)

* process systems engineering (Bardow, Marquardt)
* numerical mathematics (Reusken)

« scientific computing (Bischof, Blicker)

* NMR imaging (Blumich, Stapf)

» optical spectroscopy (Koly, Lucas, Poprawe)

Funded by DFG
(Deutsche Forschungs-
gemeinschaft) since 1999
Director: W. Marquardt
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IRWTH Research Agenda of CRC 540 EF:‘; -

development of a work process
Model-based Experimental Analysis (MEXA)
for systematic mechanistic modeling by means of multi-method integration
and
its application to modeling of multi-phase fluid reaction processes

reaction and transport and
multi-component (bio-)reaction in

diffusion in liquids heterogeneous systems

transport and reaction transport and
in single dispersed reaction in

liquid droplets liquid falling films
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IRWTH Integration of Modeling and Experimentation E?}) -

cf. J.V. Beck, Meas. Sci. Techn. 9 (1998)

aJAJ K,

« common approach in research and industrial practice 11,0,D(x)

— coupled phenomena ﬂ

— detailed models, numerical case studies

— comparison of simulation and experimental results § :> é’@ <:|
— evaluation of the model, but no model identification !

 suggested approach

— coordinated design of model and experiment A
a,NK,

— model refinement based on experimental evidence :> 11,0,D(x)

— accounting for inevitable measurement errors — !; +

— identification of a valid (mechanistic) model [
(structure & parameters) !

model-based experimental analysis — MEXA:

valid models at minimal effort
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MEXA Methodology

experimental
design

\ 4

experimental

\ 4

inputs, parameters,

initial conditions

" measurements
conditions
—>
. "Imeasurement
experiment — :
»| techniques
—>
x 3
| .I I e —
| |
numerical computed states .
simulation and measurements
4
|
mathematical
models Pl

Int

model structure,
parameters,

o
L

o

a-priori knowledge

and intuition

iterative model refinement

inputs, states,
confidence regions

extended understanding

iterative improvement of experiment
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MEXA Methodology

experimental
design

\ 4

experimental

\ 4

inputs, parameters,

initial conditions

" measurements
conditions
—>
. "Imeasurement
experiment — :
»| techniques
—>
A x
| .I I e —
| |
numerical computed states .
simulation and measurements
4
|
mathematical
models --------------------------------------------

Int

model structure,
parameters,

o
L

o

a-priori knowledge

and intuition

incremental model identification

inputs, states,
confidence regions

-

extended understanding

iterative improvement of experiment
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Simultaneous Model Identification EF}] o

measurements y

I

: Overall process model y(x,0,t)

model of + mass/heat balances is fitted to experimental data:
b i » thermodynamics
observations * reaction kinetics 1 .
y(x,0,t) . mﬂinEZWiZ(y(x,(),t.)—§/(tj))2
i-1 =1

I

model parameters 6

s.t. dynamic model & constraints

* What if we do not know any candidate model structure ?
* How to select a suitable model structure ?

* |Is bias due to model structure defects or a lack of information content in data ?

« How to deal with very few or very many observations ?

» How to deal with convergence & robustness problems of estimation algorithm?
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IRWTH Incremental Model Identification EF}] -

measurements y
measured crl)ncentrations

model 1 balances D ec Omp ose

concenltrations fluxes

— the model identification and selection

model 2 balances stoichiometry —|

co*tt ﬂixes ales task into fully transparent
model 3 balances stoichiometry | kinetic law Steps |

concenltrations ﬂulxes ratles reaction parameters

v \ 4 v
model structure and parameters 0

« computationally efficient (minutes rather than days)
« numerically robust and fully transparent

* a-priori knowledge can be integrated into the identification process

« complex and interacting kinetic phenomena can be identified
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Incremental Model Development E?}) o

lllustratrion with a CSTR

measurements

T
measured concentrations

model 1 balances
|
concentrations fluxes f'(t)
v
model 2 balances stoichiometry
| I
concentrations fluxes rates r(t)
v \ 4
model 3 balances stoichiometry | kinetic law
| | |
concentrations fluxes rates reaction parameters 0
v v \ 4 \ 4

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Development E?}) -

lllustratrion with a CSTR

measurements

T
measured concentrations

v
de(t :
model 1 balances V(t) Z(t ) = F(t)[c'n —c(t)]+ (1)
concenltrations fluxes f'(t)
v
model 2 balances stoichiometry
concenltrations flulxes rates r(t)
v \ 4
model 3 balances stoichiometry | kinetic law
concenltrations ﬂulxes ratles reaction parameters 0
v \ \ \

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Development E?}) -

lllustratrion with a CSTR

measurements

T
measured concentrations

v
model 1 balances —I V(t) ae(t) _ F(t)[cin —c(t)]
: dt
concentrations fluxes f'(t) f
v v |
model 2 balances | stoichiometry f'(t) =V(r(t)N
concenltrations flulxes rates r(t)
v \ 4
model 3 balances stoichiometry | kinetic law |
concenltrations ﬂulxes ratles reaction parameters 0
v \ \ \

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Development E?}) o

lllustratrion with a CSTR

measurements

T
measured concentrations

4
de(t) n .
model 1 balances V(t = F(t)|c” —c(t
—] (0= = FOle" ~e() [ ©)
T r
concen*tratlons fluxes f'(t) f

|
model 2 balances | stoichiometry —I f'(t) = V(t

I I
concentrations fluxes rates r(t)
\ 4 v \ 4

model 3 balances stoichiometry | kinetic law | r(t) =f (c(t), 9)
concenltrations ﬂulxes ratles reaction parameters 0
v \ \ \

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Identification E?}) o

lllustratrion with reaction kinetcis idenfication in a CSTR

measurements

T
measured concentrations

v
model 1 balances V(t) dfj(tt) = F(t)[cin —c(t)]+ (1)
concenltrations fluxes f'(t)
\ 4
model 2 balances | stoichiometry f'(t) =V(r(t)N
concenltrations flulxes rates r(t)
\ 4 \ 4
model 3 balances stoichiometry | kinetic law | r(t) =f (c(t), 9)
concenltrations ﬂulxes ratles reaction parameters 0
\ 4 \ 4 \ 4 v

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Identification E?}) o

lllustratrion with reaction kinetcis idenfication in a CSTR

measurements
measured ccl)ncentrations
v }
de(t) .
model 1 balances V(1) = F(t)[c'n —c(t)]
: | dt
concentrations fluxes f'(t)
\ 4
model 2 balances | stoichiometry f'(t) =V(r(t)N
concenltrations flulxes rates r(t)
\ 4 \ 4
model 3 balances stoichiometry | kinetic law | r(t) =f (c(t), 9)
concenltrations ﬂulxes ratles reaction parameters 0
v v \ 4 \ 4

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Identification E?}) o

lllustratrion with reaction kinetcis idenfication in a CSTR

measurements
measured ccl)ncentrations
v }
de(t) .
model 1 balances V(1) = F(t)[c'n —c(t)]
— | dt
concentrations fluxes f'(t) |
v v !
model 2 balances | stoichiometry £ (t) =V( m@‘
concenltrations flulxes rates r(t)
\ 4 \ 4
model 3 balances stoichiometry | kinetic law | r(t) =f (c(t), 9)
concenltrations ﬂulxes ratles reaction parameters 0
\ 4 \ 4 \ 4 v

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Identification E?}) o

lllustratrion with reaction kinetcis idenfication in a CSTR

measurements
measured ccl)ncentrations
v }
de(t) .
model 1 balances V(1) = F(t)[c'n —c(t)]
— | dt
concentrations fluxes f'(t) |
v v !
model 2 balances | stoichiometry £ (t) =V( m@‘
concenltrations flulxes rates r(t) |
v v [
model 3 balances stoichiometry kinetic law | r(t)=f (c(
concenltrations ﬂulxes ratles reaction parameters 0
v v \ 4 \ 4

model structure and parameters 6

(Marquardt, 1998)
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Incremental Model Identification E?}) o

What are the ingredients for implementation ?

measurements

measured ccl)ncentratio
v )
de(t) in A
del 1 balape V(t = F(t —c(t
mode Ralan /| ot ()[C e( )] @

model-based ‘
design of s’ high-resolution in-situ —

experiments — measurements
model 2 patances stoichiometry ro@‘

| |
concentrations fluxes p | .
\ 4 \ 4 inversion algorithms for !

operator equations

model 3 balances stoichiometry

| |
concentrations fluxes

v v

model structure and pgs

T
rates reaction parameie

parameter and structure
identification for
algebraic models
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RWTH

MEXA Methodology

Int

Benchmarking with all kinds of modelling problems in progress !

model structure,
parameters,

o
L

o

and intuition

a-priori knowledge

incremental model identification

inputs, states,
confidence regions

extended understanding

>
experimental g . "Imeasurement
: experiment — :
design > »| techniques
>
1 f ey i ——
I | |
I : inputs, parameters, numerical computed states -
| i initial conditions simulation and measurements
| i t
| :
TR mathematical
| models Pl
I
I
I
I
I

iterative improvement of experiment

Model-Based Experimental Analysis
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RWTH

MEXA for Multi-Component Diffusion Modeling

Why studying diffusion ?

« detrimental for product and process design
« very high experimental effort
« very few multi-component diffusion data available

« validity of diffusion models still a matter of debate

selectivity of

measurements heterogeneously
Py —— catalyzed reactions
measured concentrations .
(Pantelides & Urban,
model 1 balances _l 2004)
concenltrations fluxes
v
model 2 balances stoichiometry —|
1 I
concentrations fluxes rates
v v * a good model problem
model 3 balances stoichiometry | kinetic law
— ; ; | for the development of
concentrations ﬂu*xes ragas reaction parameters
model structure and parameters 0 MEXA methodology

Model-Based Experimental Analysis
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IRWTH Incremental Model Identification E?}] -

measurements y

binary diffusion v

structure of system

a_ &’ - balances
ot 0z
model for ﬂuxgs flux
C —
Vo Y,
v - _ - balances models
model for coefficient flux diffusion

balances | | \qels | coefficient

DY = f(c,0)

h 4

parameters ¢
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IRWTH Incremental Model Identification E?}] -

measurements y

binary diffusion v

structure of system

diffusive flux JV(z,t
oc _ a4l balances (2t
ot 0z
model for ﬂuxgs flux
v v 0C
JV = — > balances models
model for coefficient flux diffusion

balances | | \qels | coefficient

DY = f(c,0)

h 4

parameters ¢
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IRWTH Incremental Model Identification E?}] -

measurements y

binary diffusion v

structure of system

diffusive flux JV(zt
oc _ 8" balances (2%
ot 0z
m‘?/del for ﬂgxgg oal flux coefficient DV(z,t,)
J'=-D" alances | odels
model for coefficient flux diffusion

balances | | \qels | coefficient

DY = f(c,0)

h 4

parameters ¢
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IRWTH Incremental Model Identification E?}] -

measurements y

binary diffusion v

structure of system

diffusive flux JV(z,t
oc _ _ aJ’ balances (Zi%)
ot 0z
m?/del for ﬂgxgg bal flux coefficient DV(z,t,)
J'=-D" alances | models
model for coefficient flux diffusion | parameter

balances | \odels | coefficient

DY = f(c,0)

h 4 A 4

parameters ¢
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IRWTH Incremental Model Identification E?}] -

measurements y

binary diffusion v

structure of system

diffusive flux JV(z,t
oc _ _ aJ’ balances (Zi%)
ot 0z
| for f " ic
m?/de o nggg bal flux coefficient DV(z,t,)
J'=-D" alances | models
model for coefficient flux diffusion | parameter

balances | \odels | coefficient

DY = f(c,0)

h 4 \ 4

model structure and parameters for diffusion
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Incremental Model Identification E?}) o

transport
laws

equations discrimination

1D

Modell probability

sequence of inferse problems
""""""""""""""""""""""""""""""" constant 13,2%
: _ _ - |linear 39,3%
| = estimated 241 = constant '~ | quadratic 27,8%
3 | o P / kubic 19,7%
§3. . N‘E o= cubic | .
éz- | 0?31.8- -
© D1.6/
" 147"
% po‘-‘sition [mém] 8 10 0 02 04 Xrg&?['] 08 1

robust and efficient identification of models
experimental results for binary and ternary diffusion
Bardow, Goke, Kol® & Marquardt (2003, 2006)
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RWTH

Ternary Diffusion Model Identification

a-priori
knowledge

I

A 4

D*,p

mo

diffusion

del

X;*(z,1)

A

experimental
design

i ZSGHSOF’

Zo’t’ [N

Raman
experiment

A

| Xi(2,1)

parameter
estimation

I D

It

Model-Based Experimental Analysis
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Raman Experiment

. . =0 =t* =t> 8 i
a-priori t=t et tt:/ i
knowledge é P -
D* ——-f-7 o
| P ; o)
P |6 E
diffusion /IR E4
model é 2 N
S
* %
Y XI (Z’t) _ é § 2F
. 0 2=
experimental E P RS
design £ 7 | RN IR
2 7/ % 08 0.85 0.9 0.95 1
| Zsensor mole fraction I-1
Raman « analysis of one-dimensional diffusion
AL » nonlinear calibration approach (Alsmeyer et al., 2003,2004)
| %i(z,1) « simultaneous measurement of all mole fractions
parameter * high resolution (At =10 s, Az =20 um)
estimation _
* measurement error:
l D statistical < 0.2 mol-%, systematic < 0.5 mol-%,
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Experimental Setup

a-priori
knowledge

| D*p

diffusion
model

X*(z,t)

A

experimental
design

i Zsensor’

Raman
experiment

| Xi(z,1)

A

parameter
estimation

D

wave number

¥ beam focussing grating

camera chip

O

E 3

\,@

notch filter

of (

diffusion cell

90°-collection-  collection optics

angle

detector

Model-Based Experimental Analysis
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RWTH Diffusion Model

a-priori
knowledge

D~*,p

X*(z,t)

Zsensor’ZO

Raman
experiment

Xi(z,t)

D

Model-Based Experimental Analysis




RWTH

Optimal Experimental Design E?}] o

a-priori
knowledge

| D*p

diffusion
model

X*(z,1)

i

A

experimental
design

VA

sensor’

Raman
experiment

| Xi(2,1)

A

parameter
estimation

I D

1.Qualitative Design: Identifiability

— ternary diffusion matrix from one short experiment

2. Quantitative Design: — what mixture volume ratio?

X, — where to measure?
7 I 7R = — how long to measure?
C
(@) . . oA
LY — which mixture compositions?
— —‘— e
? — when is the run stable?
of 5
NN

Model-based design:
choose free settings such that information
on diffusion coefficients is maximized
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RWTH Experimental Design Study Results (1) E?}] -

a-priori
knowledge
| D*p

diffusion
model

X;*(z,1)

A

experimental
design

VA

sensor’

Raman
experiment

| Xi(2,1)

Zg [mm] 00 Zsensor[mMm]

A

parameter
estimation

I D

» scaled objective C-efficiency measures information per parameter
» measurements at the wall, i.e. restricted diffusion experiments

« slightly unequal volume of both phases

» experiment duration characterized by optimal Fourier time
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Experimental Design Study Results (2) E?}] -

a-priori « one experiment sufficient
knowledge * but 10-fold increase in precision if two runs are used
| D*p — optimize initial composition

diffusion
model x_ A

X*(z,t)

A

experimental
design

VA

sensor’

Raman
experiment

| Xi(2,1)

A

parameter
estimation

| D

 experiments should be as distinct as possible (#2=¢g1+90°)
« additional conditions to ensure hydrodynamic stability

Model-Based Experimental Analysis 32



Raman Experiment E?}) -

a-priori
knowledge

| D*p

diffusion
model

X*(z,1)

Chlorobutan

A

experimental
design

ZSGHSOF’

Raman

experiment
| Xi(z,1)

A

parameter
estimation

| D

Heptan Propanol

Model-Based Experimental Analysis 33



RWTH Ternary Results E_LFJ/}’ o

a-priori
knowledge

D~*,p

X*(z,t)

Z Zot, ..

sensor’

Xi(z,t)

D

Model-Based Experimental Analysis 34



IRWTH Ternary Results E?}] o

Diffusivities from a single Raman experiment

a-priori
knowledge
2.5 ‘
D*. | | | | |
i 2, oxx Xk
diffusion v v |
— 1.5¢ 3 Vv
model 7 v /Dn
X*(z,1) e 1 Voo, Y g
) S 05 | | | | —D
experimental >Z + 00, o/ 021
design o~ O 5 3 3 o+ |
| ZsensorZg 0.5/ + \\ _*\_/ )
1! | | | | - Dy, .
Raman | | ; ; ;
experiment
Xi(z,t) — one Raman experiment gives full diffusion matrix
— currently scatter in data is still significant
parameter
estimation

PN

Model-Based Experimental Analysis 35




Ternary Results

a-priori
knowledge
| D*p

diffusion
model

X;*(z,1)

A

experimental
design

VA

sensor’ZO

Raman
experiment

Xi(z,1)

A 4

parameter
estimation

PN

Diffusivities from two Raman experiments

2.5 =

2 e
31'5 ‘vaf o V/Dll
E lev vvvvvv vViviv.v VYV
% - | DY
© 0.5- ‘4/21,
>; <>++<><><><><><>+<><><><><>
ay O+<><>++++++<>+++++
S O O O I B -

_17“““““ .

with‘refe‘renc‘e déta fr‘om ‘\/Veiﬁgér‘tner‘et ai. (15‘994)‘

It

— one Raman experiment gives full diffusion matrix

— good precision from 2 optimized runs
— robust & efficient measurement

— quantitative validation of design predictions

Model-Based Experimental Analysis
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Ternary Results EF:‘; o

Diffusivities from two optimal Raman experiments

a-priori
knowledge

D* P 2.5 ; ;
o : TV -
diffusion 2 | D2
model @ 1.5¢ | /D\1/1
N : :
X*(z,1) E 1mxx x  x X x X X X
: < ] D
experimental S 05 Lty VI VI BV VIS Q/V v
design == 0 o L w o o
| Zsensor1£0 -0.5¢ ‘ ‘ ‘ ‘ ‘ ‘ \D\llz ]
Raman g S S T NN N S R N
experiment with reference data from Weingartner et al. (1994)
| Xz — one Raman experiment gives full diffusion matrix
parameter — good precision from 2 optimized runs
estimation — robust & efficient measurement
l D \ — quantitative validation of design predictions
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IRRWTH MEXA for Kinetics Modeling in Falling Film Reactors EF}] -

» falling films are all around:
- falling film cooler
- falling film evaporator
- falling film absorber
- falling film reactors

* transport phenomena are hardly
understood, interaction between
- fluid dynamics with free
surface
- heat and mass transfer
- chemical reaction

» first step: modelling of
heat transfer with
effective transport coefficients

Ozonolysis of
olefines in silicon oil

3(x,zt)

molecular
transport,
3D, wavy

effective
transport,
2D, flat

Model-Based Experimental Analysis
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IRWTH Effective Energy Transport Model EF}) -

... incremental identification adapted to multi-dimensional PDE problem

(simulated) measurement data

measured/simulated temperature field f(i,t)

transformation

transformed temperature field T (Xt)

structure of ‘ oT
[ balance equation }—v model B balances E+ u-vT —a AT = Fg4
| T(xt) | seuree Fer Fe =V(a,VT)
model structure model BF balances flux laws
for flux Ay (X,1)=
eff. thermal eft
l T(x,t) l F.(x,t) 1 diffusivity Amot T Ay th)
[ model structure }—* model BFE balances flux laws gff.‘ thgrmal a (u,T,0)
transport coeff. diffusivity vara-
| T(xt) | Fur(xt) | 2w (x.t) | meters

model structure and parameters

... a generic concept applicable to all kinds of kinetic problems (Marquardt, 2005)
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RWTH Test Problem — No Measurement Error By

Domain: Discretisation: e
0:[0,0.18]x[0,0.3-103]1%[0,0.3-10*][m?]; t € [0,0.55] ©2,,]:150 x 9 x 3; At =0.01s

Material: Polydimethylsiloxane DMS-T05 IC & BC:
8,0 =8.4-10 % |m?ss] Exact ths: F** k

."""'F.‘fx_(x,y,z;t):x sin 47z[L+Lj A
180 50)) 0.3 50

outlet .

FE}{
=
)

200

02 1480

1aa
0.1

y [rrm] oo % [mim]

Model-Based Experimental Analysis



R“TH Test Problem — No Measurement Error

Domain: Discretisation:
0:[0,0.18]x[0,0.3-103]1%[0,0.3-10*][m?]; t € [0,0.55] ©2,,]:150 x 9 x 3; At =0.01s
Material: Polydimethylsiloxane DMS-T05 IC & BC:

T,=20[C] T, =20[C]

=912[kg/m*],c =1540[J/kgK ], v = 4.7 -10 °[m 2
p [kg/m*], c [J/kgK ], v =4.7-10°[m*/s] o S0600kWm ]

(Pr=56)
2,y =8.4-10|m%/s]

mol

Convergence effect: Temperature Profiles

) Cost Functional J
10 . . .

200

] a0 100 150 200
lterations k

¥ [rmm] 0o % [mm)]
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IRWTH Test Problem — No Measurement Error

Domain: Discretisation:
0:[0,0.18]x[0,0.3-103]1%[0,0.3-10*][m?]; t € [0,0.55] ©2,,]:150 x 9 x 3; At =0.01s
Material: Polydimethylsiloxane DMS-T05 IC & BC:

T,=20[C] T, =20[C]

=912[kg/m*],c =1540[J/kgK ], v = 4.7 -10 °[m 2
p [kg/m*], c [J/kgK ], v =4.7-10°[m*/s] o S0600kWm ]

(Pr=56)
2,y =8.4-10|m%/s]

mol

Estimated and Exact ths: F F&*

e

F Fex

e I

0.4

200
0z - 140

100
t-‘tf:EI
ALl S x [mm]
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R“TH Test Problem — No Measurement Error

Domain: Discretisation:
0:[0,0.18]x[0,0.3-103]1%[0,0.3-10*][m?]; t € [0,0.55] ©2,,]:150 x 9 x 3; At =0.01s
Material: Polydimethylsiloxane DMS-T05 IC & BC:

T,=20[C] T, =20[C]

=912[kg/m*],c =1540[J/kgK ], v = 4.7 -10 °[m 2
p [kg/m*], c [J/kgK ], v =4.7-10°[m*/s] o S0600kWm ]

(Pr=56)
a,., =8.4-10m%s]|
Estimated and Exact rhs: F F&*

15|:|-_
B | _ F deviates from F
» lack of information at the outlet due to
x0T 5 | the convection
- 0~ : : > as t/ty -1
e VI(F (x,t; )= 0= F,(x,t; )will not change
-100 -

y [mm]

¥ [mm]
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IRMTH  Test Problem — with Measurement Error E?}’ o

L
Tt

ex
Measurementerror T, =T. +ocw

standard deviation of the measurement error: o
zero mean normal distribution with variance one: @

Regularisation via discretization and suitable stopping criteria:
discrepancy principle: J(X,t;F,™) < xo,x >1 ie x=1.02,k =47

FEX - t

F(x,y, z;t)= x| sin| 67] =+ — | |+ L. —+ L
. 180 200 0.3 200 0.3

Exact rhs:

B0 e _
ang o

300 e

FEX

a0g T

100

0.3 s
inlet - 0.1 - 100 ]

y [mm]
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IRMTH  Test Problem — with Measurement Error E?}’ o

[}
e

ex
Measurementerror T, =T. +ocw

standard deviation of the measurement error: o
zero mean normal distribution with variance one: @

Regularisation via discretization and suitable stopping criteria:
discrepancy principle: J(X,t;F,™) < xo,x >1 ie x=1.02,k =47

Estimated and Exact rhs after kopt iterations Temperature Profiles

oyl o outlef 4
exact ............. p : esti.mated
400~ [ lestimate : . : z FEE
o
< e g IO
L :
L
200 4
15/ J S
.......... A
% | e
&0 100 |
. 150 200 50
t y [mm] i
% [rmim)
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IRWTH MEXA Business Process — Evaluation EF:‘; -

Versuchs-

method integration has high potential !

Modellstruktur,

* _ P.ara.r-netery
V;;sr:luc:: Vzﬁ‘écats' > Messtechnik gjns%g:g: . . 1
N [ Kontdenc> « optimal experimental design reduces effort
[ 1|

4 v\

vY

TA ‘ ‘ ‘ N - structure identification leads to mechanisms
: Anfangsbedingungen f . und MessgroRen I : : : . .

! T P R * improvement of method integration

| b e in particular for distributed problems

L Canm, D¢ ——— === |

|_ Iterative Verbesserung des Experiments 1

incremental refinement has high potential !

« homogenous reactions, multi-component diffusion, | .
. . . . . Gemessene KI nnnnn trationen durchfiihrung
diffusion & bioreaction in gels T s s
» drastic reduction of experimental and engg. effort et Fime o
- significantly improved transparency B e ) e T
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| Modell 3 | Bilanzen |St60hiometrie| Kinetikgesetz oﬁt;ni%?rﬁztfr
« further development for CFD problems | i S S v|_>
Modellstruktur und Parameter 6
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IRWTH Lessons Learned EF}] -

accept interactions between kinetic phenomena in experiments,

but
isolate them during identification by a suitable decomposition strategy

« high precision calibration of high-resolution measurements
(PIV, LIC, LCSM, NMR imaging, Raman / IR spectroscopy etc.)

often is a difficult modeling problem in itself

- statistics of measurement errors need to be included in the analysis

« flux estimation is the key to reliable identification
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