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ABSTRACT

Catalyst deactivation significantly affects reactor performance, process efficiency, and economic
viability in chemical processes. The precise estimation of kinetic and deactivation parameters in
transient tubular reactors is essential but remains challenging due to strong parameter correla-
tions, nonlinear dynamics, and limited prior knowledge of parameter values. Model-based Design
of Experiments techniques for improving parameter precision (MBDoE-PP) has been shown to en-
hance parameter identifiability by optimally designing informative transient experiments even
when catalyst deactivation occurs. However, MBDoE-PP is highly sensitive to parameter misspec-
ification and can lead to suboptimal or infeasible solutions under model uncertainty, in which is the
typical case in reaction systems exhibiting catalyst deactivation. In this work, a robust MBDoE
framework for parameter precision (RMBDoE-PP) is proposed to explicitly account for process-
model parameter mismatch (PMPM) during the experimental design stage. In the framework, sto-
chastic sampling is used to evaluate metrics of the Fisher Information Matrix (FIM) and the exper-
imental design is carried out considering a worst-case scenario, where the globally least informa-
tive parameter corresponding to the minimum information content across the uncertainty domain
is identified. The performance of MBDoE-PP and RMBDOE-PP is assessed in the sequential closed-
loop experimental design framework under varying levels of PMPM. Results demonstrate that
RMBDoE-PP consistently yields tighter confidence intervals and more accurate parameter esti-
mates with fewer experimental runs, confirming its superior robustness for deactivation kinetics.

Keywords: Design of Experiments, Catalyst Deactivation, Model-based Design of Experiments (MBDoE), Ro-
bustness, Dynamic modelling, Transient Experiments, Parameter Estimation.

1. INTRODUCTION

Catalysts are essential to chemical manufacturing
and are extensively used across industrial processes,
where they are typically operated over long time hori-
zons. In practice, effective catalyst screening and selec-
tion require not only high initial activity but also a quanti-
tative understanding of catalyst stability and deactivation
behavior under realistic operating conditions. Catalyst
deactivation, defined as the gradual loss of catalytic ac-
tivity with time on stream, is an inevitable phenomenon
that poses significant challenges to process operation
and optimization, often leading to reduced productivity
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and adverse economic impacts [1][2]. Industrial decisions
regarding catalyst selection, utilization, and replacement
scheduling therefore strongly depend on the accurate
quantification and prediction of catalyst activity evolu-
tion. Reliable identification of deactivation behavior ena-
bles optimized catalyst usage, avoids premature disposal
or excessive replacement, reduces catalyst waste, and
ultimately improves process profitability.

However, catalyst activity cannot be directly meas-
ured, and the identification of deactivation kinetics is in-
herently complex [3]. This complexity arises from the
time-varying nature of catalyst deactivation, uncertainty
in reaction kinetics, strong parameter correlations, and
limited prior knowledge of model parameters and
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operating conditions. Dynamic mechanistic models are
commonly employed to describe and predict reactor be-
havior in the presence of catalyst deactivation, but the
development of reliable deactivation models remains
challenging. To improve parameter identifiability while
reducing experimental effort, transient reactor operation
has been increasingly explored which can generate rich
time-dependent data without the need to wait for
steady-state conditions, thereby reducing experimental
time and preventing information loss.

Model-Based Design of Experiments for parameter
precision (MBDoE-PP) provides a systematic framework
for addressing these challenges by optimally designing
experiments to maximize information and reduce the
number of experiments needed for model identification
[4]. In pevious studies the effectiveness of MBDoE-PP
under transient conditions was clearly demonstrated, but
in systems where catalyst deactivation was not signifi-
cantin [5]. In our recent work, MBDoE-PP has been
shown to be a powerful approach for accurately identify-
ing deactivation kinetics, but, the effectiveness of
MBDoE-PP critically depends on the quality of the start-
ing parameter estimates used during the experimental
design stage [6]. When a significant process-model pa-
rameter mismatch (PMPM) is present, or when little or no
prior knowledge on parameters is available, experimental
designs optimized at incorrect nominal values may be
poorly informative, leading to slow convergence and un-
reliable parameter [7]. To address these limitations, a ro-
bust Model-Based Design of Experiments (RMBDoE-PP)
framework is adopted in this work. Robust experimental
design approaches aim to identify experimental condi-
tions that maintain satisfactory performance over arange
of plausible parameter values, rather than relying on the
assumption that nominal parameter estimates are accu-
rate [8]. However, designs based on expected infor-
mation may be biased by a few highly informative param-
eter realisations, masking poor performance elsewhere.
The proposed RMBDOoE-PP addresses this limitation by
targeting robustness, considering the worst-case sce-
narios, ensuring reliable information content regardless
of initial parameter guesses. In this study, MBDoE-PP and
RMBDOoE-PP are investigated and compared for the de-
sign of transient experiments in a tubular reactor with
catalyst deactivation.

2. METHODOLOGY

The reactor model consists of a system of dynamic
partial differential and algebraic equations (DAE) charac-
terized by a set of estimated parameters 8, state varia-
bles x(t) and the time varying controls u(t) and time in-
variant controls w(t), which can be used to predict the
behaviour of the reactor system. The model enables the
prediction of experimentally measurable values y:
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F((®), x(@®), u(t), w,0,t) =0 1)
y(t) = g(x(®)) (2)

The Fisher Information Matrix (FIM) for a sample point in
the design space can be expressed as follows [9][10]:

FIM, =QF 2,7 - Q, =[V4]™! (3)

where Q; is the matrix of sensitivities whose g;; element
can be defined as

_on
qij = 30, (4)

and V4 is the variance-covariance matrix of model pa-
rameters, Zy‘1 is the inverse matrix of measurement er-
rors Z,, which can be defined as

g? 0 0
%, = l 0 ~ 0 l &)
2

where ¢; is the standard deviation of measurement error
for the i, response.
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Figure 1. The Model Validation Procedure of MBDoE-PP
and RMBDoE-PP.

Figure 1illustrates the iterative model validation and
experimental design workflow adopted for both MBDoOE-
PP and RMBDoE-PP frameworks. In the presence of
limited or no prior knowledge of the model parameters,
the same set of initial parameter guesses is used to
initialise both design strategies. At each iteration, optimal
experimental conditions are first determined based on
the current parameter information and subsequently
applied to a worst-case scenario, which is assumed to
represent the true operating conditions of the real
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system. In-silico experimental data are then generated
by simulating the model responses under additive
random measurement noise. Parameter estimation is
performed using the generated data, and the resulting
estimates are evaluated through a set of statistical model
adequacy and parameter significance tests. The iterative
procedure is repeated until predefined precision and
identifiability criteria are satisfied, at which point the
identification process is terminated.

This iterative framework follows the general
philosophy employed in [11][12], where successive
experiments are designed based on information gained
from previous iterations. More recent studies, such as
[13], further developed feedback-based experimental
design strategies by explicitly incorporating updated
parameter knowledge into subsequent design steps. In
the present work, this iterative structure is combined with
an A-optimality criterion, which aims to minimise the
trace of the parameter variance-covariance matrix [9],
equivalently maximising the integrated trace of the Fisher

Information Matrix over the experimental horizon,
thereby improving overall parameter estimation
robustness.

2.1 Standard MBDoE-PP formulation

For MBDOE-PP, the experimental design problem is
formulated as an optimization task where the objective is
to determine the optimal time-invariant input variables,
denoted as w(t), that maximize the integrated trace of the
Fisher Information Matrix (FIM). The trace of the FIM,
which is the sum of its diagonal elements, serves as a
crucial metric for evaluating the information gained from
an experiment, particularly in scenarios where frequent
sampling is implemented. This metric provides an effec-
tive means of assessing the overall sensitivity of the sys-
tem to variations in its parameters, ensuring that the de-
signed experiment captures maximal information for pa-
rameter estimation. The trace of the FIM can also be lev-
eraged for the dynamic assessment of information gain
under the assumption of a constant sampling time inter-
val At. By integrating the trace of the FIM over the dura-
tion of the experiment, a cumulative measure of infor-
mation can be obtained [14]

P oE_pp = ATE max,,{ /" tr(FIM)dt} (6)

where ¢°' is the optimal experimental design vector,
containing all the decision variables that can be manipu-
lated during a dynamic experiment. The design accounts
for the time-dependent nature of the system’s response
and allows for an optimal design strategy that ensures
the greatest reduction in parameter uncertainty. By opti-
mizing the criterion objective (6), the design ensures that
the chosen experimental conditions provide the most in-
formative dataset possible, enhancing the precision and
reliability of parameter estimation.
Cui et al. / LAPSE:2026.0339
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2.2 Determination of the worst-case scenario

Worst-case (minimax) experimental design seeks to
optimise performance under the most adverse parameter
realisation within a predefined uncertainty set [6]. In this
study, a worst-case scenario is explicitly constructed to
assess the robustness of MBDoE-PP under parameter
uncertainty. A parameter domain @ is defined to repre-
sent plausible model parameters, and multiple initial
guesses are selected within this domain to compute cor-
responding MBDoE-PP optimal experimental conditions.
For each design, a stochastic simulation is employed as
an evaluation tool, where model parameters are uniformly
sampled within ® and the cumulative information metric
is assessed under fixed experimental conditions. The
worst-case scenario is defined as the parameter yielding
the globally minimum cumulative information across all
evaluated MBDoE-PP designs and is adopted as the true
value for subsequent analysis. This formulation provides
a conservative and systematic benchmark for assessing
the robustness of experimental design strategies under
adverse operating conditions.

2.3 RMBDoE

RMBDoE extends MBDoE-PP framework by explic-
itly accounting for process model parameter mismatch
(PMPM) in the optimization. Instead of solving the MBDoE
optimization problem based on a local FIM evaluation
computed at a nominal parameter set, RMBDoE considers
a distribution of FIM metric values based on the expected
variability in the parameter space ©. To obtain the distri-
bution, a stochastic simulation is employed and embed-
ded in the MBDoE optimization, where multiple random
samples of parameter sets are drawn from a distribution
centered around nominal parameter values with a speci-
fied variance to reflect the expected uncertainty range.
Each sampled parameter set is then used to compute the
FIM metric for a given experimental design. Here the ob-
jective of RMBDOE is formulated to optimize experimental
conditions such that the ratio between the mean of the
integral of the FIM trace (y;) over the corresponding
standard deviation (o;) across all sampled parameter
sets is maximised:

opt M1

PrMBDoE-PP = AT8 maxq,(a—I) 7

with

SN [k er(EIM)de]
My = M (8)

Ny

o= L EE 1G] )

and where N, is the number of scenarios used in the em-
bedded stochastic simulation. The geometrical interpre-
tation of criterion (7) is that the model-based design op-
timization is seeking an optimal set of experimental
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conditions generating a flat and high information surface
in the parameter space @ so that the design can be in-
sensitive to parametric uncertainty.

2.4 Parameter Estimation

The estimation of model parameters is performed
using the maximum likelihood estimation (MLE) method,
which ensures that the chosen parameters maximize the
probability of observing the collected experimental data
[15]. The parameter estimation performance is assessed
by using a y? lack-of-fit test which provides a quantita-
tive measure of the agreement between the model pre-
dictions and the observed experimental data,

= Zfieicp ?7:1\/{ (yij;;j’ij)2 (9)
ij
and a standard parameter t-value test to assess param-
eter precision, with t-values ¢ calculated from
Oi
= o (10)

where v;; is the variance of the i, parameter (i.e. the iy,
diagonal element of the parameter variance-covariance
matrix). The t-value for each parameter is tested against
a tabulated reference value related to a Student’s t-dis-
tribution. The quality of each experimental design is as-
sessed based on the statistical reliability of the fitted
model and estimated parameters. y? test and t-value test
are the two key tests used for evaluation of parameter
estimates: (1) the y? test is used to assess how well the
model provides an adequate representation of the exper-
imental data, by comparing the computed 2 with the ref-
erence value yZ;. If the y? result from designed experi-
ments is lower than xZ;, the kinetic model provides a sta-
tistically adequate fit to the simulated experimental data,
otherwise, the model is considered inadequate for de-
scribing the observed behavior; (2) the t-value test indi-
cates the confidence interval in each parameter estimate
and all the t-values of model parameters must exceed a
critical reference t-value to be considered statistically
significant.

3. CASE STUDY

The optimal design of transient dynamic experi-
ments in a tubular reactor with catalyst deactivation us-
ing MBDOE-PP is illustrated through a case study on the
oxidation of o-xylene to phthalic anhydride[16]. The re-
action takes place in a gas phase tubular reactor which is
packed with decaying catalyst particles and where a
cooling jacket is positioned around the reactor, as shown
in Figure 2. The same experimental setup is also used in
other kinetic modelling studies[17][18].

Cui et al. / LAPSE:2026.0339
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Cooling Jacket
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Cooling Jacket
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Figure 2. Sketch of the experimental system and typical
dynamic response for the tubular reactor with cooling
jacket operating in transient state. The set of inputs u is
defined by the following designed variables: i) initial
concentration of the reactants Pfeed,; ii) residence time 7;

iii) feed temperature of cooling fluid Ty, and iv) coolant
flowrate in the cooling jacket F.

The mass balance of the system is defined as

aC; 32¢; 1 aci>

aC; 8%C;
—=—vg*—‘+E*DZ*—‘+£*Dr*<—+
ot oz 9z2 ar2 r or

U; % pp * R,y 2 € [0,L],7 € [0, R] (11)

E
Ryy = A e RT % (RT)? % C, % Cy
z € (0,L),r € (O,R) (12)

The tubular reactor is non-isothermal, but it is assumed
that heat losses can be neglected and that the heat of
reaction goes into the bulk fluid phase rather than into
heating up the catalyst particles. The energy balance in
the gas phase accounts for the axial convection heat
transport, the axial and radial dispersion energy, and the
heat generated or consumed by the chemical reaction as
reported below.

T oT a%T 3T
pf*Cpf*;z —pf*Cp*vg*g+kz*;+kr<¥+
10T
22) + PoRpxn(—AH) (13)
ror

z € (0,L),r € (0O,R)

To address the high correlation, a reparameterization of
the original Arrhenius equation including a reference tem-
perature is needed[19] to minimize the correlation be-
tween the two kinetic parameters as follows:

k= Apep e_E(?_Tre) (14)

Apes =Axe Mrer (15)

As the reaction occurs in the gas phase and assumes
ideal gas behavior, the ideal gas law is applied, and the
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RT term is incorporated into the expressions for the mo-
lar concentration or partial pressure of each component.

Rypn = k % (RT)? % C,  Cy (16)

The Levenspiel's Deactivation Kinetic Model (LDKM) is
selected to represent the loss of catalyst activity (a)
overtime[20]. It is assumed that the catalyst activity
changes along with the radius and the length, but it is as-
sumed to be the same for all of the components which
can be expressed as

—Z=yyxa (17)
Rixnppn = ko * (RT)* = Cy#Cpxa (18)

In Equation 17, 9, is assumed to be the deactivation pa-
rameter that needs to be estimated.

In this study, the gPROMS modelling environment is
used for simulation, optimization as well as for parameter
estimation and to optimally design dynamic experiments
[21]. The mathematical model of the reactor system is es-
tablished assuming that the measurable variables are the
concentrations of each component at the outlet (C,y ;).
Upper and lower bounds on experimental conditions de-
fining the experimental design space are shown in Table
1.

Table 1. Definition of the experimental design space

Manipulated Lower Bound Upper Bound
Variables
F 0.0s*8 012x8
N N
T 2.74 s 4.10 s
Tteed 570K 625K
Plocdn 0.880 kPa 1.32 kPa

The experimental design vector variables are imple-
mented using a time-invariant input function within a
fixed time interval. Four experimental conditions are ma-
nipulated simultaneously within this framework to evalu-
ate their combined effects on the system's information
which allow for the interaction between conditions to be
captured, enhancing the sensitivity of the design. In
MBDoE it is assumed that a very frequent sampling in
time is possible, i.e. ng, = 361 sampling points can be col-
lected within a fixed time horizon of ;,,;,,, = 3hrs. The
experimental data is generated in-silico by assuming that
are corrupted by a normally distributed noise with a zero

0.002 O 0

mean and X,=| 0 04 O ] . This level of noise
0 0 0.02

amounts to about 10% error on the average values of

Cout,i‘
The predefined model parameter domain © is de-
fined as [0.5, 1.5]. The estimated parameters are the ratio
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between the reference value 6,,f, of parameters and the
estimated one as

5 6
6mtioi =

(19)

6refi

where §, is the i-th parameter [i=1, 2, 3], 6, is the es-
timated activation energy, 6, is the estimated Arrhenius
constant and &, is the deactivation parameter through
equations (14-17). To identify the potential worst-case
scenario, MBDoE-PP evaluations are performed for mul-
tiple initial parameter guesses to identify the respectively
optimal experimental conditions (Table 2). Stochastic
simulation is then used to evaluate the information distri-
bution over the predefined parameter domain (Figure 3),
and the set of parameters yielding the minimum infor-
mation level are identified as the worst-case scenario.
MBDoOE-PP seeks to maximize the integral of the trace
FIM, optimizing input profiles under the assumption of
fixed nominal parameters. In contrast, RMBDoE-PP max-
imizes the ratio of the mean to standard deviation of the
FIM across a parameter distribution here assumed as
+20% of its initial guess, reducing information loss due to
poor initial guesses. Once the designed experiment is ex-
ecuted under the optimized input conditions, parameter
estimation is performed using the newly acquired data to
update the model. The two optimal experimental design
approaches, MBDoE-PP and RMBDoE-PP, are compared
in terms of statistical tests ( y? test to assess the lack-of-
fit and t-test to evaluate the precision in parameter esti-
mates, see Section 2.4 for details).

4. RESULT

4.1 Identification of the worst-case scenario

MBDoE-PP optimisations were conducted using
multiple sets of initial parameter guesses, resulting in a
corresponding set of optimal experimental conditions,
which are summarised in Table 2. The column denotes
the initial guesses for the three kinetic parameters. A sin-
gle value indicates identical initial guesses for all param-
eters, while the grouped column “0.5; 0.6; 0.7” corre-
sponds to multiple starting points that yields the same
optimal experimental design. For each optimal design, a
fixed set of 50 parameters uniformly sampled over the
predefined parameter domain were generated to ensure
a consistent evaluation framework across all designs.
These parameters were used to compute the cumulative
information metric under the respective optimal experi-
mental conditions.

The resulting information distributions are pre-
sented in Figure 3, which illustrate the variation in infor-
mation content as a function of parameter realisation and
experimental design. From these distributions, the glob-
ally worst-case scenario was defined where the
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parameter has the minimum cumulative information
across all evaluated designs and parameter samples was
identified.

These determined true parameter values é,am,i =
(1.43,1.20,1.19) are used to represent the true system for
subsequent in-silico experiment execution and parame-
ter estimation studies. Selecting the true value in this
manner ensures that subsequent analyses are conducted
under the most adverse yet admissible conditions for
MBDoE-PP, thereby providing a conservative and mean-
ingful basis for assessing estimation performance and ro-
bustness.

Standard MBDoE-PP: information distributions over parameter domain

(a) 8 =0.5,0.6,0.7(equal)

(b)6V =08

" Integral of trace FIM (log-scaled)

Figure 3. The MBDoE-PP information ditribution over
parameter domian @

Table 2. The optimal experimental conditions computed
by MBDoE-PP under different starting parameter values.

Design MBDoE-PP Starting Parameter Value
variable 0.5;0.6;0.7 08 12 13
F (kTg) 0.12 012 012  0.12
7(s) 4.10 410 410 410
Treea(10°K) 5.70 5.73 584  5.86
Pfeean (kPa) 1.32 132 132 1.32

uniformly sampled and used to evaluate the cumulative
information metric under the corresponding optimal ex-
perimental conditions shown in Table 3.

The sampled parameter points within the cube rep-
resent admissible uncertainty scenarios accounted for
during the robust design stage. In contrast, the identified
worst-case true value lies outside the predefined uncer-
tainty domain. This point corresponds to the globally min-
imum information obtained from the stochastic evalua-
tion of all MBDoE-PP designs and therefore represents
the most adverse possible parameter set for parameter
estimation.

| —— RMBDOE Domain (+20% around guessed 6)

Guessed Paras
(1.00. 1.00, 1.00)

1515

Figure 4. Guessed parameter values for both MBDoE-PP
techniques and the true parameter value to represent the
real system.

Table 3. Optimal experimental conditions computed by
MBDoE-PP and RMBDoE-PP.

MBDoE-PP RMBDoOE-PP
k
F( Tg) 0.12 0.08
7(5) 4.10 2.74
Tfeed(10°K) 5.70 6.07
Pfocan (kPa) 1.32 0.88

4.2 MBDoE-PP and RMBDoE-PP

The guessed parameter vector (1,1,1) is selected
to initialise both MBDoE-PP and RMBDOE-PP at the cen-
ter point of the predefined domain. Figure 4 illustrates
the initial guessed values for both MBDoE techniques,
the parameter uncertainty domain considered in the
RMBDoE-PP formulation, and the location of the identi-
fied worst-case true value. In the robust design, para-
metric uncertainty is explicitly represented by a hyper-
rectangular domain defined as £20% around the nominal
values, shown as the cubic region in the parameter
space. Within this domain, 50 parameter realisations are

Cui et al. / LAPSE:2026.0339
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4.3 Parameter Estimation

The results of the y2 test and statistical test results
for both MBDoE-PP techniques are shown in Table 4,
confirm good model-data agreement, with all total y2 val-
ues falling below the reference value of 1.16 = 103, indicat-
ing satisfactory model-data agreement. Despite this
overall adequacy, significant differences are observed in
the quality of parameter estimation between the two de-
sign strategies. Under the standard MBDoE-PP frame-
work, parameter estimation performance is poor: none of
the parameters are estimated with satisfactory precision.
The estimation of activation energy (4,) converges to its
lower bound, and the estimation of the deactivation pa-
rameter (8,) exhibits poor precision. The estimation of Ar-
rhenius constant (8,) fails to reach the reference t-value,
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Table 4. Kinetic and deactivation parameter estimation results from MBDoE-PP and RMBDoE-PP in the presence
of PMPM in terms of estimated values and a-posteriori statistics. Superscript asterisk (*) indicates t-value failing
the t-test and (**) indicates that the parameter lies on the bounds and is excluded from the statistical analysis.

Param. estimate + conf. interval

(95%)
MBDOE-PP A 0**
6= 3.87 +3.02
5.62 % 1077 + 1.24 % 10?

RMBDoOE-PP
1.14 + 6.17 % 1072

o [134£871%107°
e =
2.10 +1.05

t-values (¢,.; = 1.65)

ES
[ 1.28* }
4.52 % 107"

1.53 % 10!
1.85 % 10!

1.98

2Oy =1.16 % 10%)

1.00 % 103

1.08 % 103

indicating poor precision achieved under the optimal ex-
perimental conditions.

In contrast, the RMBDoE-PP framework yields sub-
stantially better estimation performance. The kinetic pa-
rameters are estimated with narrow confidence intervals
and t-values are well above the reference value, demon-
strating statistically significant and reliable identification.
The two kinetic parameters remain highly correlated (the
correlation coefficient is 0.99), but both parameters are
estimated with high precision and statistically significant
t-values. This behaviour is consistent with the use of an
A-optimality criterion, which prioritises overall parameter
precision rather than minimising parameter correlations.
The deactivation parameter also exhibits good precision,
with its t-value exceeding the significance threshold and
low correlation realised with the kinetic parameters (4,)
and (4)), -0.26 and -0.16, respectively. This suggests that
RMBDoE-PP markedly enhances robustness against
PMPM with the catalyst deactivation.

4.4 CPU Time

The CPU time required by both MBDoE techniques
are here compared. For the standard MBDoE-PP ap-
proach, the optimization step requires 4.86 minutes, fol-
lowed by 3.38 minutes for parameter estimation. In con-
trast, the RMBDoE-PP approach incurs a substantially
higher computational cost, with 27.88 hours (1.67 x 103
minutes) required for the robust optimisation step and
7.40 minutes for parameter estimation.

These results highlight a clear trade-off between
computational effort and parameter estimation quality.
While RMBDoE-PP achieves substantially higher param-
eter precision within the first iteration, this improvement
comes at the expense of a significantly increased com-
putational burden. Conversely, standard MBDoE-PP re-
quires considerably less CPU time but yields negligible
parameter precision in the first iteration, implying that
multiple additional iterations and experiments would be
required to reach comparable levels of precision. Conse-
quently, the overall experimental and computational bur-
den associated with standard MBDoE-PP may increase
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substantially when high parameter precision is desired.

5. CONCLUSION AND FUTURE WORK

The accurate modelling of tubular reactor operated
under transient conditions with catalyst deactivation re-
quires reliable estimation of both kinetic and deactivation
parameters. In this work, standard MBDoE-PP and
RMBDoE-PP are assessed under the presence of pro-
cess-model parameter mismatch (PMPM). A worst-case
scenario is identified and considered in the study in which
the “true” system is defined as the parameter point gen-
erating the lowest information among all standard
MBDoE-PP designs within a predefined parameter do-
main.

Under the worst-case scenario, standard MBDoE-
PP exhibits poor parameter estimation performance, with
low statistical significance and limited precision, indicat-
ing practical non-identifiability of some model parame-
ters. In contrast, RMBDoE, which accounts for the PMPM,
delivers substantially improved parameter estimates,
achieving acceptable precision despite the presence of
PMPM and limited prior information. These results
demonstrate the advantage of incorporating parameter
uncertainty directly into the experimental design stage
when robustness against worst-case scenarios is re-
quired. However, the study highlights a clear trade-off
between computational cost and estimation robustness
and confirms the importance of robust design strategies
for dynamic reactor systems affected by catalyst deacti-
vation. Future work will focus on the development of hy-
brid design frameworks that combine standard MBDoE-
PP and RMBDoE-PP, aiming to balance computational ef-
ficiency with robustness by adaptively integrating infor-
mation gained during the experiment design and param-
eter estimation process.
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