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Highlights:

*  We recalibrate a state-of-the-art model for methanol synthesis kinetics on real experimental data
taking deactivation effects into account

*  We compare the mechanistic model to a hybrid model, which consists of a neural network and
first-principle knowledge, confirming the used heuristic in a data-driven manner

*  We derive and carry out optimal experimental designs for both models via optimal control,
investigating the effect on the predictive performance

Abstract: The transition of the chemical industry towards the utilization of feedstocks based on
renewable energies results in a more dynamic process behavior. Advanced mathematical methods
are a key factor to handle this complexity. In this contribution, methanol synthesis from hydrogen,
carbon dioxide and carbon monoxide is investigated as promising power-2-X technology. Optimal
experimental design is used to recalibrate an existing mechanistic kinetic model. Subsequently, the
most uncertain sub-model, namely the reversible catalyst dynamics, is partially replaced by neural
networks. Several architectures were evaluated, and optimal experimental design was applied to
enhance the performance of a chosen architecture. All experiments were realized in an experimental
set-up able to acquire time-resolved data. A commercial CuO/ZnO/Al,O; catalyst was used in a
well-mixed Berty type reactor. The combination of optimal experimental design with hybrid modeling
led to an improved quality of the kinetic model needed for process control and optimization.

Keywords: methanol synthesis; optimal experimental design; data-driven modeling; optimal control;
scientific machine learning

1. Introduction

Methanol is an essential chemical with various applications. Next to its use as an intermediary
product in synthesizing complex chemicals, it can be used to store electrical excess energy from renew-
able sources ([1]). As such, power-2-methanol processes are practical options for both synthesizing
methanol from and storing said energies. Typically, green hydrogen produced via the electrolysis of
water using electrical energy from renewable resources serves as the basis for this process. Hence,
it is subject to inherent fluctuation of the energy source and, in turn, to comparable highly dynamic
operating conditions. Advanced control schemes are needed to maximize the throughput of the process
and allow the maximization of the process conversion rate under these non-stationary environmental
conditions. Model-based (optimal) control is often at the heart of such strategies, see e.g. [2]. Although
methanol synthesis is an established process, the development and research on the mechanism has
been and still is an active field of research ([3,4]). To this end, hybrid models often serve as a valid
alternative to classical, entirely mechanistic approaches. Here, machine learning models, such as
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neural networks, replace partially unknown or uncertain parts to account for the lack of prior scientific
knowledge. Especially in the context of (industrial) chemical process engineering, training these
models poses a non-trivial issue: How can hybrid models be trained reliably with minimum amount
of data? This work shows how optimal experimental design can help to improve parameter estimation
in the physics based model for the reaction kinetics developed by [5-7], which will act as a baseline
for our evaluation, and fitting of hybrid models. The model quantifies the heterogeneously catalyzed
synthesis of methanol using hydrogenation of CO and CO; over a CuO/ZnO/Al;Oj3 catalyst. The
underlying reaction network is shown in Figure 1 and hints at the complexity of the chemistry. The
overall reaction can be broken down to three main equilibrium-limited reactions: the hydrogenation
of carbon monoxide (Equation 1), the hydrogenation of carbon dioxide (Equation 2) and the reverse
water-gas shift reaction (Equation 3).

CO +2H, — CH;0H 1)
CO, + 3H, £ CH30H + H,O )
CO; + Hy, = CO + H,0 3)

To mathematically describe the chemical relationship, we start from the mechanistic model derived
and parameterized in [5-7] with experimental data acquired by [8]. In earlier work the deactivation of
the catalyst was not taken into account for the parameter identification, but will be considered within
this contribution. Due to that reason and additional aging effects of the catalyst stored over several
years, the mechanistic model was recalibrated first in this project. Subsequently, optimal experiments
were designed and realized to improve the mechanistic model further.

Next, we move on replacing a part of the differential algebraic equation model with a neural net-
work, following [9], which was trained on experimental data generated thus far. Using the approaches
proposed in [10], we compute an additional experimental design aimed at generating further insightful
data for the training of this hybrid model.

The rest of the paper is structured as follows: In Section 2, we introduce the used methods and
materials. We start by describing a newly built experimental set-up containing a well-mixed Berty type
reactor as the data-generating unit. In the following, we introduce the mechanistic model, motivate the
use of its hybrid counterpart, and provide a brief introduction to optimal experimental design from
the perspective of optimal control. Section 3 evaluates the results of the derived models, focusing on
the difference in predictive performance when including or excluding optimal experimental design.
Section 4 concludes this paper by discussing the results and outlining further research directions. Our

contribution focuses on new insights in:
* new experimental dynamic and steady state data for methanol synthesis considering the changes

of catalyst activity
e  comparison of méchanistic and hybrid model, by replacing a subset of the heuristic model with a

neural network
¢  conducting and evaluating OEDs for a mechanistic and a hybrid model, examining the impact on

different hybrid model strategies.
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Figure 1. Reaction network of methanol synthesis showing the different pathways and their respective reaction
rates, which depend on the current state of the catalyst.
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2. Materials and Methods
2.1. Experimental Set-Up

Experimental data is acquired in a self developed automatic set-up depicted in Figure 2. The
reaction is carried out in a gradient-less Berty-type reactor built by the FAU Erlangen Nuremberg
according to [11]. It contains a fixed bed of 4.3 g commercial CuO/ZnO/Al,O; catalyst (CZA) from
BASF which had been ground to 0.315-0.5 mm particles to avoid intraparticular transport limitations.
The used catalyst was acquired in a former PhD project ([8]) and was stored at ambient conditions
since then. The remaining gas volume of the reactor is approximately 280 mL including inert filling
material as spherical y-Al,O3 (charge no. 5) or 286 mL without additional filling (charge no. 6). To
verify the assumption of an ideal CSTR behavior, the rotation speed of the stirrer had been varied
during preliminary tests. Above 3000 rpm no changes were observed. Giving additional safety, we
choose to set the rotation speed to 4000 rpm. The stirrer is driven by an electric engine, equipped
with permanent magnets that disintegrate when interacting with hydrogen or hydrocarbons. Due
to constructional reasons, the engine is connected to the reaction chamber. Furthermore, permanent
magnets lose their field strength when heated, so the stirrer performance would be permanently
negatively affected. For these reasons, it is particular important to cool and flush the engine of the
stirrer with nitrogen. This constrains the concentration of the educts. Since, nitrogen is an inert for the
reaction, it is used as an indicator for the occurring volume contraction. The experimental set-up is
designed for reaction conditions up to 260 °C and 60 bar.

MFC stirrer

11

—_

MFC 1
exhaust

p

N,

MEFC 2

TD

Co,

MFC 3

4 bar 1 bar

TD

CcO

MFC 4

Figure 2. Scheme of experimental set-up: gas supply from gas bottles via mass flow controllers (MFC’s), Berty
type reactor filled with CuO/ZnO/ Al;Oj3 catalyst and analytics (1-gas chromatography from Agilent). The reactor
is monitored and controlled for temperature and pressure. The latter is regulated via a membrane back pressure
regulator. Further on the downstream side the pressure is released through a relief valve to 4 bar, ensuring a
continuous effluent flow. In order to protect the electric engine of the stirrer from the reaction media and heat,
Nj is flushed from the top into the reaction chamber. N is used also as an indicator component to quantify the
volume contraction caused by the reactions.

The utilized gases are supplied from gas bottles with a high purity of 99.999 vol.-% for N, H, and
CO; and 99.97 vol.-% for CO. Bronkhorst mass flow controllers (MFC) are used to dose the educt gases
(further information in Section A.2). Additional piping length is given to mix the gases at the inlet
and precondition them for the reaction. In order to prevent condensation, the entire piping periphery
around the reactor is heated.
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The experimental set-up is designed to perform steady state and dynamic experiments under
isothermal and isobaric conditions. Changes in temperature and pressure during operation are
recorded and can be evaluated posterior. However, due to the sheer caloric mass of the reactor,
intentional alterations in temperature within an experiment are unfavorable. They greatly increase the
required time for an experimental investigation. Therefore experiments are mostly designed to remain
at a certain temperature.

Several temperature probes are located in and around the reactor. One sensor is situated above
and one beneath the catalyst bed. Two further sensors are measuring the heating jacket. Since only a
small amount of enthalpy is released from the reaction and the great thermal mass of the reactor itself
is acting as a dampener, one of the jacket sensors is used to control the reactor temperature. This has
proven to be the most stable operation to maintain a constant reaction temperature.

A dome pressure regulator (Equilibar) was used to control for constant pressure in the reactor
allowing a discharge during continuous experiments. As analytic devices are usually particularly
sensitive regarding their inlet pressure, the outlet stream after the dome pressure regulator is first
depressurized via a relief valve to 4 bar and afterwards further reduced to 1 bar using a Swagelok
downstream pressure regulator. This method ensures constant pressure at the analytics while inlet
conditions to the reactor can be dynamically modified. The total volumetric flow rate at the reactor
outlet is not measured. If the reactor pressure is increased during an experiment the dome pressure
regulator reduces the outlet flow until the pressure level is reached. In this case the flow rate to the
analytics could be inappropriate.

One part of the automation is managed by Siemens’ PCS7, acquiring plant related data and
operating all actors. The other part of automation is realized via MATLAB in the interest of applying
complex mathematical inlet perturbations, precise timing of new conditions, creating a flexible, user
friendly interface and recording data during the time of an experiment for simpler analysis. PCS7 and
MATLAB where connected through Open Platform Communication Data Access (OPC DA), a proven
industrial communication standard.

This allows imposing classical step changes between different constant input values with varying
time intervals, as well as periodical perturbation of inlet conditions (e.g. simultaneous modulation of
inlet concentration and total flow rate as phase shifted sinusoidal wave form) as shown in Figure 3,
making this plant an unique experimental set-up. Besides that, another degree of freedom is the use of
different fillings of the reactor with fresh catalyst. We refer to this by a catalyst "charge number".
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Figure 3. Example of a single experiment (MeOH_028). Top Measured output of the reactor as mole fractions.
Middle Feed composition to the reactor as mole fractions and total volumetric flow rate. Bottom Temperature
and pressure of the reactor.
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Outlet concentrations are quantified in terms of molar fractions of the components CHzOH, CO,,
CO, Hy, H,O and N using a p-GC from Agilent (model 490). Samples are measured by a method that
takes approximately 90 s, which had been optimized to execute with precise component determination
and fast sampling. This enables an almost continuous collection of data points. Further details about
the analytics are summarized in Section A.1.

2.2. Experimental Procedure

When fresh catalyst was filled into the reactor, it was reduced using 2 vol.-% of H; in N, with
a total volumetric flow rate of 500 NmL/min at ambient pressure starting from room temperature
heating up to 180 °C within 2 h and holding the temperature for another 12 h according to [8]. This
procedure was repeated after every plant shutdown and sometimes additionally to check for the effect
on the catalytic performance. Otherwise the catalyst was flushed with nitrogen between methanol
synthesis experiments.

To start a methanol synthesis experiment with already preconditioned catalyst the flow of the
inert flushing of the stirrer is increased depending on the aimed pressure and the stirrer speed is
set to 4000 rpm. Afterwards, the inertized reactor is heated up at ambient pressure to the desired
temperature. Meanwhile the pressure of the gas supply is adjusted. While N, Hy and CO are fed
directly from gas bottles, CO, is pressurized with a compressor from Maximator to reach up to 65 bar.
The CO, piping is heated to avoid condensation. After the temperature is reached, the pressure is
built up with the dome pressure regulator feeding only Nj. At the same time, the heating of the entire
piping periphery, the analytics, the process control system and the data acquisition must be prepared.
Then an experiment can be started by dosing the reactants with the MFC. When the experiment is
finished, the reactor is depressurized, inertized and most of the time cooled down to 180 °C.

Catalysts are known to deactivate during operation ([12]). The deactivation of the CZA methanol
synthesis catalyst is addressed in several studies, e.g., [13-15]. Catalyst deactivation is not the focus
of this contribution, but must be taken into account. To quantify irreversible deactivation effects,
a daily updated catalyst activity was measured prior to a new experimental run. This is done by
applying a reference condition summarized in Al. The condition is maintained until steady state is
reached. Applying this procedure, a deactivation independent evaluation of the generated kinetic data
is attempted. Additionally, due to the initial exposure to the same feed and thus the same reduction
potential the catalyst is preconditioned with regard to reversible dynamic changes of the active sites.
After that, the desired experiments were started.

The hydrogenation reactions (namely reaction Equation 1 and Equation 2) cause a reduction in
the total number of moles and thereby induce a volume contraction, which we define as the ratio of
inlet to outlet molar fraction of the inert nitrogen. Multiplying this ratio to the inlet volumetric flow
rate V;Z’t’z under norm conditions (273.15 K and 1.01325 bar, indicated in the superscript as "n" and all

flow rate values given in this paper are refering to this condition) results in the norm outlet flow rate
sout,n,
Vtotul ' )
Xy .
soutn __ 2 yimn
Vtotal T yout " Vtotal (4)
N,

Given the experimentally recorded molar fractions x; of each component i, the above calculated total

outlet volumetric flow rate V;Z;‘;’l" and the ideal gas law concludes to the corresponding outlet molar

flow rate 79"":

sout __ . pn Vout,n 5
n; *xl'R,Tn' total ()
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Engineering metrics as the carbon based yield of methanol can be calculated as shown in Equation 6.
This value results from the ratio of calculated outlet molar flow rate of methanol to the sum of input
molar flow rates of all carbon species (i.e. CO and CO5).
n(()ﬁ-tl OH
YCH,0H = 7 (6)
fico T "co,

The value of the catalytic activity 4 is determined via calculating the current methanol yield Y&y o, £
with Equation 6 divided by the initial methanol yield Yg HyOH,ref determined with the fresh catalyst of
the corresponding charge, i.e. the stationary outlet result under reference condition after 1st reduction
(Equation 7).

Cur
_ YCH,0H, ref

Y0 )

CH30H,ref
The catalytic activity a is used as an identical pre-factor for all three reaction rates as shown in Equation
8.

—qg-7
rp=a-rj

i=123 (8)
We assume that the deactivation influences all three reactions Equations (1)—(3) in the same way and
does not change drastically over the course of one specific experiment. Thus, a is one fixed value for
every experiment, ranging from 0.14 to 1 for the entire data used in this work and from 0.14 to 0.33 for
the optimally designed experiments. This allows the evaluation of our data without being distorted by
deactivation effects.

The complete set of experimental data used in this contribution is available under [? ].

2.3. Mechanistic and Hybrid Modeling of the Methanol Synthesis

We base our approach upon the established kinetic model, capable to quantify the rates of the
three key reactions proceeding during methanol synthesis, derived in [5-7] (see Section Appendix B).
This kinetic model is connected to the mass balances valid for an ideally mixed, isothermal, isobaric
and continuously operated reactor model. The whole model consists of a set of differential-algebraic
equations (DAE) of the form

A(x, g, t,u)-a-vy(x,q,t,u)©r(x,q,tu)+b(x,q,tu)

=0 9
fo(x,q,t,u) ©)

J(x,q,t,u)x —

Heret € {to, t f} denotes the time and x € X" denotes the state which consists of the mole fractions
of the six chemical species x;,i € {CH30H, CO, CO,, Hy, H;O, N, } and an additional state ¢ which
represents the distribution of the active centers of the catalyst. The operator © denotes elementwise
multiplication, 4 € Q denotes a set of parameters (see Section Appendix C.1) and u € U the inputs
of the system, which consist of temperature, pressure, feed and flow. The matrix valued functions
] € R®%¢ account for the gradient of the surface coverage of the individual species and A € R®*3
combines the stoichiometric coefficients with the catalyst mass (constant for every experiment) in
dependence of the states. 2 € {0,1} denotes the activity level of the catalyst as described in 2.2.

An important feature of the kinetic model is the incorporation of dynamic changes of the catalyst.
< captures the influence of the degree of reduction of the catalyst ¢ on each of the reaction rates. Of
special interest are the three scaling pre-factors 7 : X x R x Q x U + R3, which were previously
modeled based on a heuristic

Yco=1—¢
Yco, = ¢ (10)

_ ¢
’YRWGs—l_(p
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which only depends on the catalyst state ¢ ([5,6]). In this work, we propose to replace this heuristic
with a fully connected feed-forward neural network to describe -, resulting in a hybrid model.
Hybrid modeling aims at combining the advantages of two different modeling paradigms. First, the
interpretability and data-efficiency of rigorous modeling based on first principles and specific domain
knowledge, and second the flexibility of data-driven models such as neural networks, which are able
to learn unknown functional relationships from data. In recent research various modeling regimes and
architectures have been investigated, see e.g. [16] or [17] for an extensive overview. In the context of
differential equations, such models are commonly called universal differential equations ([9]).
The hybrid DAE model can be written in its implicit form as

f(x,x,q,t,u)=fyg (f(a'c,x, t,q,u),U(x,9)> =0 11)

where f : X x X xU x Qp — Zp describes the parts of the model which are known from first
principles and which may depend on physical parameters § € Qp. Second, a universal approximator,
e.g., a feed-forward neural network, U : X x Qy — 2y with weights and biases 6 € Qy; is used to
model the unknown parts of the dynamics. The function fs encodes the overall structure of the hybrid
model, i.e., how known and unknown parts of the dynamics interact. Figure 4 shows the mechanistic
model in the form of a block diagram, highlighting the catalyst impact v which we are replacing.

4’| Reaction Rates
4—| Catalyst Impact

4-| Catalyst Dynamics I

Component AP+ b E ‘ J& | Implicit
Balances Dynamics

z,p,t,u f(@,z,p,t,u) &

Figure 4. Block diagram of the mechanistic model in the form of a DAE system. Our goal is to learn the impact y
of the catalyst state ¢ on the reaction rates r directly from the data. The triangle /\ denotes concatenation, ® denotes
elementwise multiplication.

The feasibility of this approach applied already to methanol synthesis was shown in [18], however
based on synthetic data obtained via simulating the mechanistic model of [5-7]. In this study, we focus
on the training of hybrid models on experimental data.

2.4. Data Preparation

The collected experimental data D = {Dy,..., Dy}, D; = {X, U, T} was divided into a training
Drr C D and test Drr C D data set using a stratified 80-20 train-test split, see Section Appendix
C.3. Here X = {x;|x; € X’ C X} denotes the set of state measurements of the reactor output and
U = {u;|u; € U} the set of inputs consisting of feed composition, flow rate, pressure and temperature.
Finally, T = {t;|t; € R} denote the time points of the measurements.
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Table 1. Hyperparameters for initial training of hybrid model. The function swish is given by swish(x) =

#p(_x), o denotes the typical sigmoid function o(x) = m

Hyperparameter Hidden Layers Layer Width Activation
Options 2,3,4 5,10, 15 swish, o

2.5. Parameter Estimation

The parameter estimation was performed by solving the following optimization problem:

1 1

min —— —_— L(Rii, % (12a)
q ‘DTR| D,;eDrr |Dz| t]'EZDi ( L] lr])

st. 0= f(x,x,q,tu) (12b)

g€Q (120)

We used an average sample-wise Equation 12a £ : X x X — R between the measurements £
(outlet molar fractions) and predictions x given by the weighted sum-of-squares error

: 1 : 2
£ 7)) = g7 L wiix (%4 — xijx) » S’ = {CH;0H,CO,COz, H,0}
c !

We included only a subset of species, namely the carbon-based species with a high accuracy in
the analytics and water as co-product, present often only in small amounts but very important for

the kinetic model. The weights have been chosen to be w; ;; = (fi,]-,k + e) 2, € > 0, to adjust the
contribution of each species relative to its magnitude. 12b describes the dynamics of the system.
Instead of modeling the domain 12c, we used the exponential transformation to ensure that a subset of
parameters is positive to account for its physical meaning. The initial conditions and domains of the
parameters have been set according to [7], and can be seen in Section Appendix C.1. We implemented
our model and optimization' in Julia ([19]). To solve Equation 12, we used Optimization.jl ([20]), a
solver agnostic interface to several optimization routines. To fit the mechanistic model, we used
the implementation of L-BFGS ([21]) of Optim.;jl ([22]). To investigate the impact of the experimental
designs, once the parameter estimation problem is solved on the full training data with all experimental
designs and once on the training data excluding the optimal experimental designs.

2.6. Hybrid Model Fitting

To find a suitable candidate for the hybrid model, we performed a simple hyperparameter search
over different architectures by employing a full factorial design over the number and size of the hidden
layers as well as their activation function in Lux.jl ([? ]). We adapted Equation 12 by adding a L; norm
regularization with regularization parameter A = le — 5 on the weights of the network to counteract
overfitting. The options of this hyperparameter search are given in 1. The neural networks are modeled
to take the full state x as an input. Moreover, the output layer uses the softplus function o : R — R™,
o4 (x) = log(exp(x) + 1) to ensure a positive output. Each candidate architecture has been trained
five times with different random seeds used for initialization of the weights 6 for a total number of
500 iterations using Adam ([23]) from Optimisers.jl and mini-batching of the data set. Next, a suitable
candidate has been selected by accounting for both complexity of the network and conformity with
the data. We selected the top-k candidates using the coefficient of determination on the training set
and subsequently retrained these models using L-BFGS.

1 Full code and versioning of all related software is available at https:/ /kosinus.math.uni-magdeburg.de/AlCap23 /berty-

parameter-estimation
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2.7. Optimal Experimental Design

To minimize the effort of experimental data collection, we want to collect as much information
about the uncertain parameters as possible from each experimental run. Optimal experimental design
(OED) is a well-established concept in Chemical Engineering ([24,25]) and a natural approach to
come up with informative experiments for subsequent parameter estimation problems or model
identification. See [26-29] for a general introduction into the topic. In [30,31] the concept was applied
to dynamical systems given by parameterized ODE or DAE models. In this context, degrees of freedom
are the decisions when to measure each observed variable y € J and how to stimulate the system
in an optimal way. The problem of computing an optimal experimental design can thus be cast as
an optimal control (OC) problem, see Section E.1 for detailed explanation. The goal is to optimize
the time-dependent inputs u € U and the initial conditions x () € & such that a suitable objective
function of the variance-covariance matrix is minimized. This requires to augment the system using
the forward sensitivity equations and the differential equation of the Fisher information matrix, adding
states in the order of O(|Q[?).

In this work, we use OED in two ways. First, we use it to compute four informative experiments
for estimating the physical parameters of the heuristic model. More specifically, these experiments each
aim at the identification of different subsets of parameters, namely the parameters in the Arrhenius
equations of the three elementary reactions and two rate constants in the kinetic equation for the
state ¢. Second, in the case of a hybrid model, i.e., the parameters g of the underlying model include
both physical parameters 4§ and weights and biases of a neural network 6. In this context, the OED
problem may also be solved aimed at generating data to train the embedded neural network on.
However, problems may arise due to the usually large parameter space of the neural network. The
quadratic dependence of the size of the augmented system of differential equations on the number
of parameters as explained above leads to a high computational effort even for integration of the
augmented system. Moreover, setting up the variational differential equations analytically may be
prohibitively expensive. Another difficulty arises from the observation that weights of neural networks
are not uniquely identifiable. Therefore, resulting Fisher information matrices in the underlying
optimization problem are usually ill-conditioned and not amenable to optimization. However, as
argued in [10], one can often circumvent these problems by identifying a suitable subset of parameters
4 C q,|4] < |q| via a singular value decomposition of the Fisher information matrix. This way, the size
of the system of differential equations is reduced and positive definiteness of the Fisher information
matrix assured.

All OED problems were solved in a first-discretize-then-optimize single shooting approach on
a time horizon 7 = [to, t¢] = [0,7200] s with the A-Criterion as the objective function. The control
functions u include the inlet composition, i.e., x¢, (f), x¢o (t), x71, (t) and x3j (t) as well as the inlet
volumetric flow rate thg‘t;,(t) and are discretized as piecewise constant values on an equidistant
timegrid. For the experimental designs for the mechanistic model we chose a discretization parameter
of At = 900 s, whereas for the hybrid model it was chosen as At = 600 s. The temperature T is
included as a control value, constant over time. The problems are further simplified by assuming
that measurements are taken continuously, as explained in Section 2.1. Hence, we do not need to
determine optimal measurement times. Furthermore, we need to include simple upper and lower
bounds on the control functions and values, these are stated in 2. Also, general constraints on the inlet
composition need to be fulfilled, requiring that the molar fractions of the incoming species add up to
100 percent at each point in time. Also, a minimum level of nitrogen needs to be present in the inlet
due to required flushing of the stirrer magnet. The amount depends on the current volumetric flow
rate and the pressure p. Formally, these constraints read

xifo () + x5 (1) + xif (1) + 20 (1) =1, (13)

» mLy;
V;\Z’”(t) > 8[ 2

bar - min

] - plbar] (14)


https://doi.org/10.20944/preprints202502.0422.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 April 2025

10 of 37

The initial conditions of the molar fractions of the species and the initial distribution of active
centers on the catalyst are given in 3. The pressure is fixed at p = 50 bar for all designs to simplify the
optimization problem. Low reactant molar fractions in the feed are realized by compensation with
nitrogen. This method also simplifies the experimental procedure and is in accordance to the assumed
ideal gas behavior. The problems are then solved via Ipopt ([32]). More information on the parameters
considered in the designs and the obtained solutions are given in Section Appendix E.

Table 2. Lower and upper bounds on control functions and control values for the optimal experimental design.

Variable Lower Bound Upper Bound Unit

T 500.0 530.0 K
Vi () 0.5 4.0 L" / min
xo, (1) 0.0 40.0 %
X () 0.0 40.0 %
xh (1) 0.0 75.0 %
X (t) 0.0 100.0 %

Table 3. Initial conditions x(#y) assumed in all OED problems.

State Initial value
xCH3OH 0.00854

Xco, 0.02494

XCo 0.22906

X, 0.55062

X,0 0.00184

N, 0.18499
¢ 0.7

3. Results

This section discusses the results of the parameter identification for the deterministic and hybrid
model architectures as described in Section 2. In detail, the performance of the model is evaluated
and compared for each of the conducted studies. Furthermore, we investigate the final hybrid model
in detail. As an illustrative example for all models we choose an experiment which was not part of
the initial training or testing set, namely experiment MeOH_079. It has been carried out using a set
of heuristically informed inputs, which closely resemble industrial conditions. An overview of the
results is given in 4.
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Table 4. Results of the different model architectures and fitting procedure. We report the mean absolute percentage
error MAPE = % Zfi 1 |x’x%1x’\ for the respective dataset and species (x; denotes the states). (OED) indiciates the
use of the full training data including the data from the optimal experimental designs, (NOED) the use of the
dataset without optimal designs. The hybrid model (INIT) denotes the best architecture after hyperoptimization
and subsequent fit using L-BFGS. The best value of each column is bold.

MAPE

State XCH;OH XCO XCO, XH, XH,0 XN, Total
Train

Mechanistic (OED) 13.60 6.89 641 642 6.89 715 790
Mechanistic (NOED) 2520 6.69 5.79 657 16.10 7.27 11.30
Hybrid Model (INIT) 1480 722 672 646 925 7.19 8.61
Hybrid Model (NOED) 3290 596 719 701 1640 7.70 12.90
Hybrid Model (OED) 1410 634 641 636 6.85 7.10 7.86
Test

Mechanistic (OED) 1270 872 6.79 645 11.00 875 9.06
Mechanistic (NOED) 3290 10.10 6.43 6.56 1450 8.96 13.20
Hybrid Model (INIT) 16.00 9.15 696 6.52 1290 8.81 10.00
Hybrid Model (NOED) 2410 883 696 6.73 12.10 899 11.30
Hybrid Model (OED) 10.00 9.05 6.68 6.33 10.20 8.65 8.49

3.1. Fit of Mechanistic Model

The fit of the mechanistic model has been conducted as described in Section 2.5. The resulting set
of parameters, fitted using the training set, including the collected data from the experimental designs,
shows good parity with the data, as shown in Figure 5. Figure 6 shows the model’s prediction on the
validation experiment MeOH_079.

Testing MAPE = 9.06

CH,0H MAPE = 12.67 CO, MAPE = 6.79 CO MAPE — 8.72
0.03 0.3 =™ 020
0.02 0.2 - 0.15
0.01 0.1 - 0.10
0.061 o
. 0.00 0.0 , , , 0001
*é 00 01 02 03 0.00 0.05 0.10 0.15 0.20
b H, MAPE = 6.45 H,0 MAPE = 10.96 N, MAPE = 8.75
0.8 - 1.0
06 0.015 ot 0.8 dl
0.4 0.010 _,,..", 0.6 L
0.2 _ 59" 0.005 e 8.;1
00 3 T T T T 0000 T T T ’ T T T T T
00 02 04 06 08 0.000 0.005 0.010 0.015 02 04 06 08 10
Measurement

Figure 5. Parity plot of the fitted mechanistic model over the test data set. The color of each species matches the
trajectory plots.
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Figure 6. Model prediction on the experiment MeOH_079. After the initial catalyst activity was determined at
the reference condition the reactor was heated up. The temperature and the following six feed compositions and
flow rates, each applied for 20 min, were chosen randomly within relevant process boundaries. Top The state
trajectory. Colored scatter denotes the data, full lines the prediction. Middle The feed of the reactor in mole
fractions using the respective color for each species. The black line denotes the incoming volumetric flow rate.
Bottom The temperature (red) and pressure (blue) over the time course of the experiment.

The exclusion of the optimal experimental designs from the training data set significantly impacts
the fitting outcome, see 4. While the overall coefficient of determination, dominated by abundant
species such as CO,, CO, Hj, and Ny, is still comparable to the previous model, less abundant species,
CH30H and H>O, show a degradation in predictive power. This effect is even more visible on the test
set, where the MAPE of CH3OH increases from 22.80 to 44.80. The parameter values and additional
results for each of the fits are listed in Section Appendix C.1.

3.2. Fit of Hybrid Model

To conduct the hyperparameter search for a suitable neural network architecture and initial
parameter values, a total of ninety hybrid models have been trained, resulting from a full factorial
design of the search parameters given in 1. The top five models and their respective performance on the
training set are shown in 5. We choose two models as the foundation for further training marked as A
and B in 5. Model A was chosen due to its simple architecture and overall coefficient of determination,
model B due to its balanced performance over all individual species. Both models have 88 trainable
parameters in total, and are trained further, using L-BFGS based optimization similar to the mechanistic
model. Afterwards, we used model B to derive an optimal experimental design, MeOH_083, see
Figure 7. The design calculated in this way only takes into account the weights of the trained network
in the singular value decomposition, ignoring any physical parameters. Finally, we refitted both
models again with the collected experimental data. While model B became numerically instable after
a few iterations of optimization, model A was successfully fitted, resulting in increased predictive
performance. As a comparison we refitted the model starting from the same initial conditions without
including the experimental plan, see 4. Figure 8 shows the parity of the final hybrid model over the
test data set.
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Table 5. Top 5 results of the hyperparameter search, their respective architecture and performance on the training
set in terms of the coefficient of determination. Note we initially used the coefficient of determination instead of
the MAPE for model selection. Hence, we report these values here. See Section Appendix D for a more detailed

explanation.
State XCH,OH XCco Xco, XH, XH,0 XN, [Total
Architecture R?
A 2 layer, 5 neurons, ¢ 0405 0.973 0.963 0.802 -0.175 0.966 0.927
4 layer, 5 neurons, o 0.500 0974 0.962 0.796 -0.010 0.966 0.925
4 layer, 5 neurons, o 0.522 0976 0.966 0.785 0.305 0.964 0.923
4 layer, 5 neurons, o 0.440 0975 0.966 0.774 0.097 0.963 0.919
B 2 layer, 5 neurons, swish 0476 0978 0.969 0.772 0.556 0961 0.919
— CHsOH —CO2 —CO —H2z —H20 — N2 ¢
States Molar fractions inlet
1.0 0.050 1.0
T
- 0.025 % 0.5 1 —_— ]
(@) ! ! |
OOOO OO T 1 1 T T T —— T T
Sensitivities Inlet volume flow
0.05 A 7.0e-05
% o
/_/\_/\ g
0.00 - % —_— 4.0e-05 -
—r—
=
_005 L T T T T T T T T T 10e-05 L T T T T T T T T T
O 9 0 8 & &8 & L& L O 9 8 8 & &8 & L& L
FEFFESES FEFFESES
Time /s Time/s

Figure 7. Optimal experimental design MeOH_083 of the selected architecture B. The temperature was determined
as T = 530.0K.
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Figure 8. Parity plot of the fitted hybrid model over the train data set. The color of each species matches the
trajectory plots.
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3.2.1. Neural Network Analysis

In this subsection, we investigate the final, fully trained neural network A. In detail, we are
comparing the surrogate model with the heuristic by a) performing Shapley value analysis and b)
examining the outputs.

A popular method to explain the predictions of machine learning models are Shapley values.
Originally derived as a concept in cooperative game theory, Shapley values have been adopted to
explain the contribution of individual features in complex models, such as neural networks, in a
consistent and reliable manner. Several software packages exist to (approximately) compute these
Shapley values, e.g., SHAP [33], ShapML.jl or Shapley,jl. The main idea is to build a linear explanation
model g : R™ — R with

1y
§(x) =sj+ ) sixi (15)

i=1
for each input sample x in, e.g., the training set, with ¢ being locally equivalent to the evaluated model
but allowing for an easier interpretation. Also, ¢ must satisfy other properties, e.g., that input features
that do not change the prediction must have atrributed effects s; = 0, among others. See, e.g., [34] for a
more detailed introduction to Shapley value analysis and an application to three illustrative examples.
By calculating statistics over the individual feature effects s of the underlying dataset, the individual
feature relevance can then be analyzed. 6 states the mean absolute Shapley values for the final model
A following the implementation of Shapley.jl These results reveal several instructive trends. First, for
all scaling pre-factors yco, Yco, and yrwgs, the state ¢ has the largest Shapley value with the other
states being mostly negligible, underlining the importance of the state on the functional relationship
and supporting the previously used heuristics Equation 10. The exception is yrwgs, where also the
states xy, and xco, play a minor role.

Table 6. Mean absolute Shapley values and their standard deviations for the input features of the neural network
A evaluated on the training set computed via the implementation in Shapley.jl. A higher value indicates a stronger
influence. Similar to the previously used heuristic, the neural net bases its decision primarily on the state ¢.

Mean absolute Shapley effect and standard deviation

State

Yco

YCo,

TRWGS

XCH;0H 2.99e-04 + 4.36e-04

8.00e-05 £ 1.23e-04

4.75e-04 + 6.72e-04

XCo, 2.94e-03 & 8.09e-03 3.63e-03 £ 6.13e-03 2.25e-02 + 3.85e-02
Xco 1.29e-03 £ 3.15e-03  6.07e-04 £ 8.40e-04 4.09e-03 £ 5.46e-03
XH, 1.01e-02 £ 1.23e-02  6.30e-04 + 1.25e-03 4.94e-02 + 5.87e-02
XH,0 2.67e-04 = 8.11e-04 1.15e-05 £ 1.66e-05 3.55e-05 + 8.03e-05
XN, 1.04e-02 £ 1.56e-02 2.72e-03 + 3.18e-03 1.06e-02 £ 1.27e-02
¢ 8.30e-02 + 1.83e-01 8.84e-02 + 1.04e-01 4.44e-01 £ 5.21e-01

Comparing the functional relationship encoded in the trained neural network with the heuristic
shown in Figure 9, both yco, and yrwgs show a high agreement with the heuristic with MAPE scores
of 17.54 and 12.52 respectively. Only yco shows a higher deviation from the heuristic, resulting in a
MAPE of 34.69. For yrwcs there is a high level of agreement especially for small predicted values with
YrRwas < 3, which account for 97% of the shown samples. Restricted to this domain, we observe a
MAPE of 10.78. For larger values of the heuristic yrwgs, the deviation increases as the output of the
neural network stays constant.
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Figure 9. Parity plot comparing the functional relationship of the trained neural network and the previous
heuristic for the impacts v Equation 10 evaluated on the train dataset. While the neural network and the heuristic
deviate for yco, there is a high level of agreement for both yco, and yrwgs. The visible mismatch for RWGS
stems from only the top 3% of data. Note The mean absolute percentage error does not indicate a goodness-of-fit
in this case, but rather the divergence between the heuristic and the ML model.

3.2.2. Optimal Experimental Design Analysis

To investigate the impact of optimal experimental design, we compared the relative coverage of
the state space using data binning. Using the final, fully trained mechanistic model, all trajectories
of the training set were simulated and assigned to regions of the state space using 30 equidistantly
spaced bins. The relative coverage was subsequently computed by dividing the number of points due
to optimal design over all points in a bin. As can be seen in Figure 10, the trajectories generated via
optimal experimental design leads to a higher coverage in several regions of the state space which are
not part of the initial set of experiments. A noticeable increase in coverage can be seen especially for
the state ¢, where now due to the optimal experimental designs data points with ¢ < 0.25and ¢ > 0.6
are preferably collected. A full graphical comparison can be found in Section Appendix E.4.
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Figure 10. Comparison of heuristic and optimal experimental designs over the prediction of the final, fully trained
mechanistic model. The color indicates the relative density of points in a bin due to optimal experimental design.
See Section Appendix E.4 for a more detailed explanation.

4. Discussion and Conclusions

In this contribution, an existing heuristic kinetic model for the heterogeneously catalyzed
methanol synthesis from [5-7] was first recalibrated utilizing new experimental data generated in
a recently built experimental set-up. From this starting point, optimal experimental designs were
computed to collect dedicated data to increase the model performance, while reducing further ex-
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perimental effort. The experiments were realized and the subsequent parameter identification led
to a further improved heuristic model. In the next step, the important but not fully understood part
of the model describing the complex influence of reversible changes of the active catalytic sites on
each reaction was substituted with neural networks. Several varieties were tested and compared
with respect to their goodness-of-fit. To further improve the data basis for the training, an additional
experimental design based on a selected hybrid model was computed and carried out experimentally.
The built experimental set-up is able to deliver time-resolved data (approx. every 90 s) for the analysis
of perturbations of the reactor inlet which is of major importance for more flexible power-2-X processes.
The reversible catalyst dynamics can not be understood based on only steady state experiments. The
possibility of fast and automated adaptions of both feed composition and total volumetric flow rate
allows for the realization of optimal designs with a high degree of freedom. Additionally, the new
experimental set-up offers the option to test forced periodic feed changes with the goal to increase the
time-averaged process performance which is part of ongoing work.

In general, we see that the hybrid model is on par with the mechanistic model. From 4 we
can see that the hybrid model in combination with optimal experimental design outperforms the
mechanistic model slightly. Initially, this might suggest that the effort of using data-driven models is
not justified. We suspect that this is a result of our decision to a) only learn a small submodel and b)
fix the mechanistic parameters. This could constrain the functional relationship too tightly, introduce
a strong bias, and hinder a sufficient exploration of alternatives. Therefore, future research should
investigate relaxing the use of prior knowledge, allowing the neural network to explore different
possible functional relationships. This remains a challenging task, given that the gained flexibility
often results in the need for more data and comes at the cost of interpretability. Additionally, the failure
of model B showcases that the training of dynamic, hybrid models requires further research.

Despite the aforementioned analysis, the results of the trained hybrid model contribute to the
understanding of the kinetic model. The results suggest that both heuristics for yco, and yrwgs are
capable of modeling the impact of the distribution of active centers over the catalyst. Hence, we were
able to validate two heuristics over a broad range of the data purely based on training the hybrid
model. 6 and Figure 9 indicate that the initially chosen heuristic to model the impact is indeed a good
candidate to model the distribution of active centers over the catalyst surface. ¢ dominates the learned
functional behavior of all impacts 7.

We found that optimal experimental design is helpful for both mechanistic and hybrid models.
Figure 10 indicates that the use of optimal experimental design clearly focuses on specific regions
of the state space. These informative areas of the state space, which have been little explored by
previous experiments, increase the predictive power of the model, as can be seen from 4. Especially
in the case of hybrid models, we suspect that considering experimental designs leads to an increase
in robustness of training, even if the experimental designs were derived from a structurally different
(e.g., a different architecture of the embedded neural network) hybrid model, as can be seen from
4. Confirmation of this claim requires further investigation from theoretical and practical point of
view. Also, a comparison of our approach to optimal experimental design for hybrid models to other
proposed methods from the literature could be a focus of further research. Moreover, we believe that
the methodology presented in this paper is not only useful for methanol synthesis but can also be
transferred to other synthesis reactions.
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Appendix A. Experimental Set-Up
Appendix A.1. Analytics - Gas Chromatography

The reactor outlet stream is measured with an Agilent 490 1 GC with a thermal conductivity
detector. Hydrogen, nitrogen and carbon monoxide are separated in a 10 m long column containing
a mole sieve (MSAD) as stationary phase using argon as mobile phase (130 °C column temperature,
250 kPa initial pressure, 120 ms injection time, 60 s run time). The other reactants are discarded with a
back flush after an initial separation (8 s) via a pre-column for this channel. Carbon dioxide, methanol
and water were analyzed using a 10 m long PPU column with helium as mobile phase (145 °C column
temperature, 120 kPa initial pressure, 120 ms injection time, 60 s run time). The injector and sample
line temperature were 100 °C. With this method approximately every 90 s a measurement is conducted
during experiments. The gaseous components at ambient conditions were calibrated with calibration
gas bottles. For the calibration of methanol and water a defined nitrogen stream was saturated in a
tempered steel vessel filled with glass rings and the the respective component. The saturation was
checked with a condensation trap. After a measurement series is finished, the detector signal of the gas
chromatograph is imported into Matlab and processed there. This allows a fast and flexible handling
of a large number of single measurements.

Appendix A.2. Mass Flow Controller

The mass flow controllers (Bronkhorst) were calibrated with the help of a Coriolis mass flow
meter from Bronkhorst and a pressure regulator from Swagelok to adjust the pressure in the calibration
bypass according to the aimed process conditions. The calibration factors of the MFC are interpolated
values between the calibrated points. If the flow rate, the feed pressure or the reactor pressure change,
the calibration factors are adjusted automatically while the MFC are used.

Appendix A.3. Catalyst Activity

The steady inlet conditions applied for the determination of a reference yield of methanol for the
approximation of an catalytic activity are listed in A1l. Figure Al depicts the decrease in activity of
each catalyst charge over the experiments using it. The data is published in [? ].

Table A1. Reference reaction and inlet conditions for activity measurements.

Charge-Nr. T p Vi o, o X, A,
- °C bar L"/min % % % %
5 230 30 2 256 20.82 60.59 16.03

6 230 50 3.3333 256 2082 6059 16.03
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Figure A1. Catalytic activity (see Equation 7) of all 44 experiments.

Appendix B. Kinetic Equations

The kinetic model is taken from [5-7] and is based on a simplified Langmuir Hinshelwood
mechanism under consideration of three different surface centers: the oxidized center (®), the reduced
centers (x) and the centers for heterolytic decomposition of hydrogen (®). The reaction rates can be
expressed as follows:

1 pcrsoH 4
”lco = klPCOP%—IZ (1 — KPcho}%) eOCE® (A1)
2

1 PCH;0HPH,0 \ ~42 04
rco, = kapco, P2H2 ( - Knpé()p;j) 0" 0% (A2)
2P Hj

1 pcopn,o
e =k (1 — 2>®*®® A3
RWGs = f3PCO; Kp3 pco,rH, (A3)

Where p; denotes the parital pressure of the species i. The corresponding surface coverages are:

-1

0% = | 1+ Kco pco + KgHSOH PcH;0H + Kgoz pco, (A4)
~ —— ———"
Pu B12 B4

-1

0% = | 14 /K, /71, (A5)

‘\,—/
B7
-1
Ku,0Ko ph,0
O = |1+ —2— FHo | Ko, pco, + Kényon PenzoH + Ki,o PH,0 (A6)
H, PH, —— ——— N~
?ﬁfw—’ B13 Bs Bo
£

The reaction constants are described by an extended Arrhenius approach [35,36]

ki=exp| A — _B

T;ff - 1) ,i € [CO,CO,, RWGS] (A7)
B1.B3.B5  P2,PaPe
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Furthermore the equilibrium constants, are calculated with empirical equations and coefficients
according to [8,37]:

log(Kp].) =+ % + w3,j10g(T) +og;T+ 065,]'T2. (A8)
The corresponding parameter can be found in Table A2.
Table A2. Coefficients for equilibrium constants.

Parameter Value Parameter Value Parameter  Value Unit
X1,CO 13.814 X1,CO, 15.0921 X1, RWGS 1.2777 -
&2.CO 3784.7 X2,CO, 1581.7 X2 RWGS -2167.0 -

X3 CO -9.2833 X3,C0O, -8.7639 X3 RWGS 0.5194 -
agco  31475e3  ayco,  21105e-3  aggpwes  -1.037e3 -
X5,CO -4.2613e-7 X5,C0, -1.9303e-7 X5 RWGS 2.331e-7 -

A variable amount of oxidized suface centers 1 — ¢ and a variable amount of reduced surface

centers ¢ are assumed to account for a dynamic operation. With these the reaction rates are modified

as follows:
rco = (1= ¢)rco (A9)
rco, = ¢°1co, (A10)
TRWGS = ﬂrﬁwc;s (A11)
where ¢ can be obtained from the differential equation:
d ki kT
d‘f (kf xco + k3 xm,) (0.9 — ¢) — (Kllxcoz + 1<22tz0> ¢ (A12)
with
ki AGy
Ky = P exp(—RT ) (A13)
Ky = g =ex _AG (A14)
2Tk T OPURT

The reaction takes place in an isothermal and isobaric CSTR. The reactor model consists of the

mole balances of each component

dx 90, dpy
gusﬁ + MeatGsat (Z ap ar

8@) dpk
Dok )

Vout — E
p

N¢ N, N;
tmcat ) ) vighi =) Vz‘a‘h’)
j=1

i=1j=1

Ny Ny
i=1j=
and the total mole balance

Ne N 5@, dpe

— Meatfsat z Z ap dt

i=1k=

N,
i) Z Vi,jtj — Zl Vit

) (A15)

(Al6)
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describing the volumetric flow rate at the reactor outlet.

Appendix C. Parameter Fitting

In the following section, the results of the fitting procedure are shown in greater detail. We start by
presenting the parameters for the mechanistic model in Section Appendix C.1, their respective parities,
and example trajectories. In Section Appendix C.2 we briefly describe the optimization procedure
we initially used to generate optimal experimental designs. In Section Appendix C.1 the MAPE of all
models over the specific data sets and experiment are shown in greater detail, supplementing 4.

Appendix C.1. Fitting Results

This section shows the results of the parameter fitting of the mechanistic model in A3 and a
subset of trajectories. The parameters equal to zero in the initial parameter set are still zero after the
refit with the new experimental data set with and without using the optimal experimental designs
in the parameter estimation. This strengthens the assumption that those are not sensitive. f,, B4 and
B are directly related to the activation energies of the three reactions rates and their temperature
dependence respectively. These differ significantly between the three parameter sets, indicating
that these parameters are hard to identify. This may be due to the fact that the three reactions in
reaction network according to Figure 1 are not linear independent of each other. Whether starting
from CO or CO; as reactant, as long as Hy and H;O are present in the reaction mixture, there are
always two pathways to methanol (direct hydrogenation and (R)WGS + hydrogenation). Thus, also
the temperature dependency of the methanol synthesis in terms of B2, B4 and B¢ might be shiftable
between these three parameters. Changes of the kinetic parameters determined within this study
compared to the initial values from [7] may also simply result from the fact that the set of experiments
used in this study contains time-resolved data while the previously utilized data set ([8]) consisted
almost exclusively of steady state data.

Table A3. Result of the parameter fitting for the mechanistic model. Transformed values of the parameters are in
brackets. Initial values are taken from [7]. The different data settings are similar to 4, e.g. OED includes the full
training set and NOED the dataset excluding the experimental designs. Values < —36.00 of exponentially transformed
variables equate to zero. The parameter set OED was used for the hybrid model.

qi Transform Initial Value OED NOED
Gy 0.34 0.26 -0.73

Gy 21.84 21.38 21.92

k1 exp -4.84 -8.25 -3.11

ko exp -10.88 -4.19 -8.90

B1 -5.01 -5.68 -4.65

B2 exp 3.28 (26.46)  3.64(38.18)  4.40 (81.45)
B3 -3.15 -3.86 -4.00

Ba exp 042(1.53)  2.63(13.90)  1.21(3.35)
Bs -4.46 -1.78 -2.46

Be exp 2.74 (15.62)  4.08 (59.42)  1.66 (5.26)
B exp 0.10 (1.11) -0.54(0.58)  -0.26 (0.77)
Bs exp -36.05 (0.00) -36.04 (0.00) -36.04 (0.00)
Bo exp -36.05 (0.00) -36.04 (0.00) -36.04 (0.00)
Bio exp -36.05 (0.00) -36.04 (0.00) -36.04 (0.00)
B11 exp 1.90 (0.15) -0.61 (0.54) 1.02 (2.77)
B12 exp -36.05 (0.00) -36.04 (0.00) -36.04 (0.00)
B13 exp 2.77(0.06)  -243(0.09)  -3.39 (0.03)

Bia exp -36.05 (0.00)  -36.04 (0.00) -36.04 (0.00)
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Figure A2. Parity plot of the fitted mechanistic baseline model over the training data set excluding optimal
experimental designs. The color of each species matches the trajectory plots.
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Figure A3. Parity plot of the fitted mechanistic baseline model over the test data set excluding optimal experimental
designs. The color of each species matches the trajectory plots.
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Figure A4. Parity plot of the fitted mechanistic baseline model over the training data set using optimal experimen-
tal designs. The color of each species matches the trajectory plots.
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Figure A5. Parity plot of the fitted mechanistic baseline model over the test data set using optimal experimental
designs. The color of each species matches the trajectory plots.

Appendix C.2. Initial Fit

Given that we fitting the model while additional experiments where still conducted, we started
with a set of 37 dynamic experiments (MeOH_018 - MeOH_054).
Instead of Equation 12, we initially considered the following optimization problem

. 2
. 1 1 1 Xijk — Xijk

min  ———— —_— — — (A17a)

q  |Drr| D,EZDTR 2 t]g;i S| kg( Xijk )
st. 0=f(xx,q,tu) (A17b)
q€9Q (A17¢)

with

S’ = {CH;0H, CO,CO,} (A18)

However, we found that including the species H, improved the models performance. Prior to the
parameter transformation, the positivity of a subset of the parameters was enforced via a penalty
approach.

In addition, we used a sequential optimization procedure starting with 1000 iterations Nelder-
Mead, to find a better starting position followed with a mesh adaptive direct search via NOMAD to
find a set of parameters. Choosing these (gradient-free) optimization algorithms was mainly due to an
earlier implementation of the model and objective, which did not allow numerical differentiation. The
final version of the model allowed the use of numerical differentiation, hence a more sophisticated
method was selected.

Note that we are not particularly interested in an exact estimate at this early stage. The initial
estimation is only about finding a sufficient starting point for the optimal experimental design.

Appendix C.3. Data Preparation

For each experiment, the mean value of observed mole fractions, the measured catalyst activity,
the mole fraction of the feed, the nominal volumetric flow rate at the inlet, temperature and pressure
were used to stratify the data accordingly. A more detailed assignment of each experiment can be seen
in the detailed result tables of Section Appendix C.4.

Figure A6 shows the histogram of the observed mole fractions at the reactor outlet and the
catalyst’s activity level.
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Figure A6. Histogram of the mole fractions of the output species and the estimated activity levels for the training
and testing data sets. The occurrence is normalized by the probability weight of each bin.

Appendix C.4. Model Evaluation

Table A4. Detailed MAPE values of the mechanistic model (OED) corresponding to 4.

Dataset Experiment XCH3OH XCO XCO, XH, 2XH,0 XN, Total

Testing MeOH_025 827 633 341 559 115 896 7.35
MeOH_027 164 834 7.07 922 842 599 924
MeOH_033 123 655 4.07 55 21.5 9.04 984
MeOH_041 124 635 136 569 109 992 98
MeOH_044 8.6 539 94 693 471 62 6.87
MeOH_044 414 157 828 131 845 733 713
MeOH_053 746 685 142 6.85 138 9.31 9.75
MeOH_054 148 882 679 512 728 111 9
MeOH_076 221 147 466 737 894 973 11.2
MeOH_079 128 751 3.11 649 165 973 934

Training MeOH_019 181 745 239 552 138 876 129
MeOH_020 156 678 109 455 454 7.88 837
MeOH_021 17.7 59 332 552 981 809 839
MeOH_022 306 807 116 4.04 876 324 932
MeOH_023 51 6.09 142 523 234 876 4.82
MeOH_024 164 592 479 535 278 856 731
MeOH_026 108 284 147 566 297 61 497
MeOH_028 237 6.66 526 6.84 122 438 984
MeOH_029 199 629 496 63 133 4.03 9.13
MeOH_030 359 7.08 343 589 179 9.12 515
MeOH_031 2.7 6.85 267 572 0976 9.08 4.67
MeOH_032  4.05 6.03 256 523 123 853 46
MeOH_034 9 27.6 124 189 3.88 924 135
MeOH_035 255 571 22 516 0947 898 426
MeOH_036 124 114 412 55 131 892 727
MeOH_037 231 6.14 707 555 666 893 957
MeOH_038 359 185 13 56 807 892 15
MeOH_039 197 763 16 824 999 109 121
MeOH_040 159 765 164 775 142 102 12
MeOH_043  8.79 49 761 644 6.05 475 642
MeOH_045 127 749 171 769 134 9.88 114
MeOH_046 943 642 103 798 595 658 7.78
MeOH_047  6.41 6.6 998 785 269 592 657
MeOH_048 158 9.66 874 696 531 6.13 877
MeOH_049 85 6.23 885 759 481 555 6.92
MeOH_050 455 581 935 733 376 584 6.11
MeOH_051 786 524 832 645 595 583 6.61
MeOH_052 895 562 839 64 498 516 658
MeOH_055  13.1 81 155 818 186 103 123
MeOH_073 216 681 107 697 164 893 11.9
MeOH_074 8.9 16.6 418 737 101 918 94
MeOH_077 443 819 111 656 124 10.1 7.13
MeOH_081 168 176 6.65 951 187 113 134
MeOH_083 165 148 354 7.14 198 9.21 118
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Table A5. Detailed MAPE values of the mechanistic model (NOED) corresponding to 4.

Dataset Experiment XCHyOH XCO XCO, XH, XH,O XN, Total

Testing MeOH_025 278 497 363 637 136 9.87 11
MeOH_027 984 654 791 95 855 644 813
MeOH_033  89.8 723 132 542 157 878 214
MeOH_041 167 795 136 54 186 953 119
MeOH_042 428 178 6.17 53 163 6.17 158
MeOH_044 342 801 721 594 154 539 127
MeOH_053 252 539 143 768 21.1 103 14
MeOH_054 16 837 621 493 92 11 927
MeOH_076 372 334 587 735 175 9.79 185
MeOH_079 432 731 36 758 15 107 146

Training MeOH_019 357 9.77 248 518 124 842 16.1
MeOH_020 167 615 104 525 765 868 9.13
MeOH_021 239 642 126 559 207 793 11
MeOH_022 458 381 16 572 3.69 445 397
MeOH_023 6.2 633 237 532 201 876 818
MeOH_024 276 673 433 541 166 874 116
MeOH_026 17 256 0581 597 168 631 821
MeOH_028 856 488 6.72 775 346 502 6.06
MeOH_029 111 468 64 717 323 467 621
MeOH_030  7.24 72 185 6.01 205 917 8.67
MeOH_031 636 697 1.08 584 184 9.13 796
MeOH_032 843 612 11 535 19 859 81
MeOH_034 978 21.7 149 151 131 944 14
MeOH_035 586 576 1.01 528 172 9.06 7.35
MeOH_036 187 874 29 58 231 9.04 114
MeOH_037 285 619 6.2 565 193 898 125
MeOH_038 515 955 126 597 237 9.08 187
MeOH_039 14.1 71 148 871 231 112 132
MeOH_040 188 621 164 865 225 111 139
MeOH_043 455 833 57 513 127 379 135
MeOH_045 213 6.63 167 829 233 105 144
MeOH_046 30 888 84 716 156 591 127
MeOH_047 352 931 817 7.09 143 529 132
MeOH_048 434 106 697 6.04 144 565 145
MeOH_049 395 838 718 6.83 123 493 132
MeOH_050 316 795 761 664 145 526 123
MeOH_051 234 683 677 593 144 537 105
MeOH_052 36 747 687 5.68 124 46 122
MeOH_055 336 6.65 161 9.01 224 113 165
MeOH_073 473 564 106 766 128 975 156
MeOH_074 815 169 553 734 262 9.11 122
MeOH_077 8.5 849 114 6.63 11 10 7.64
MeOH_081 47.3 16 79 106 208 122 191
MeOH_083 466 139 447 88 166 10 167

Appendix D. Hybrid Model Results
Appendix D.1. Hyperparameter Selection

As noted in 5, we initially selected the hybrid model based on the coefficient of determination R.
Later on, we found that this measure was not suitable to clearly capture differences in performance
(as now visible in 4) or even misleading ( e.g. in the case of the model discrepancy as seen in Figure
9). Hence, we switched to a more direct and relatable measure, the mean absolute percentage error
(MAPE). Reevaluating the results of the hyperparameter search lead to a slightly different picture,
which still included our choosen models in the top ten candidates, but ranked them differently.
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Figure A7. Trajecotry of MeOH_079 using hybrid model after hyperparameter search and first L-BFGS optimiza-
tion over the training data set. (INIT)
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Figure A8. Parity plot of the hybrid model after hyperparameter search and first L-BFGS optimization over the
training data set. (INIT) The color of each species matches the trajectory plots.
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Figure A9. Parity plot of the hybrid model after hyperparameter search and first L-BFGS optimization over the
test data. (INIT) The color of each species matches the trajectory plots.
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Figure A10. Trajecotry of MeOH_079 using hybrid model after adding experiment MeOH_083 and second L-BFGS
optimization over the training data set. (OED)
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Figure A11. Parity plot of the hybrid model after adding experiment MeOH_083 and second L-BFGS optimization
over the training data set. (OED) The color of each species matches the trajectory plots.
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Figure A12. Parity plot of the fitted hybrid model after adding experiment MeOH_083 and second L-BFGS
optimization over the test data set. (OED) The color of each species matches the trajectory plots.
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Figure A13. Trajecotry of MeOH_079 using hybrid model after second L-BFGS optimization over the training data
set excluding optimal experimental designs. (NOED)
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Figure A14. Parity plot of the hybrid model after second L-BFGS optimization over the training data set excluding
optimal experimental designs. (NOED) The color of each species matches the trajectory plots.
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Figure A15. Parity plot of the hybrid model after second L-BFGS optimization over the test data set excluding

optimal experimental designs. (NOED) The color of each species matches the trajectory plots.

Table A6. Detailed MAPE values of the hybrid model after hyperparameter search.

Dataset  Experiment XCHyOH XCO XCO, XH, XH,0 XN, Total
Testing MeOH_025 179 538 561 589 192 943 106
MeOH_027 322 882 7.79 867 957 574 121
MeOH_033 196 638 53 546 365 9.06 137
MeOH_041 538 10.1 154 433 20 8.63 187
MeOH_042  53.1 17 9.67 4.68 343 597 208
MeOH_044 455 7.17 117 543 387 535 19
MeOH_053 13.1 6 167 702 256 965 13
MeOH_054 846 146 6.05 3.13 436 932 269
MeOH_076 74 28.7 879 566 789 857 341
MeOH 079 255 806 3.84 6.11 177 958 118
Training MeOH_019 772 11.8 229 373 487 736 286
MeOH_020 41.6 9.75 8.07 4.08 454 725 194
MeOH_021 123 552 578 536 39.6 816 128
MeOH_022 524 106 119 299 21 256 12
MeOH_023 132 555 296 525 30 892 11
MeOH_024 79.6 823 7.61 346 61.1 747 279
MeOH_026 259 152 414 6.16 205 6.61 108
MeOH_028 48 79 553 603 339 391 125
MeOH_029 445 751 529 549 356 355 116
MeOH_030 125 6.67 555 589 209 923 10.1
MeOH_031 116 644 486 572 246 92 104
MeOH_032 129 562 4.62 523 209 865 9.65
MeOH_034 11.8 274 133 19 135 93 157
MeOH 035 873 536 398 517 181 9.09 841
MeOH_036 309 252 625 4.68 433 861 198
MeOH_037 28 587 846 554 148 9 119
MeOH_038 751 459 151 3.88 72 814 367
MeOH_039 154 672 188 832 305 11.1 151
MeOH_040 157 641 191 8.08 213 10.7 13.6
MeOH_043 606 7.88 956 445 372 359 205
MeOH_045 184 656 19.7 7.87 20.1 102 138
MeOH_046 473 851 128 6.52 353 574 194
MeOH_ 047 53.1 878 123 63 37 506 204
MeOH_048 553 104 11 547 393 553 212
MeOH 049 532 775 11 625 387 48 203
MeOH_050 473 736 11.7 597 365 508 19
MeOH_051 431 671 11 524 346 513 176
MeOH_052 514 691 10.7 5.09 384 445 195
MeOH_ 055 228 716 178 843 167 107 14
MeOH_073 128 644 109 6.85 195 897 109
MeOH_074 559 161 7.06 723 247 91 116
MeOH_077  4.54 79 383 644 412 101 123
MeOH_081 33.1 17 77 919 229 113 169
MeOH_083 268 222 467 696 272 93 162
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Table A7. Detailed MAPE values of the hybrid model (INIT) corresponding to 4.

Dataset  Experiment XCHOH XCO XCO, XH, XH0 XN, Total

Testing MeOH_025 813 629 393 555 11 895 732
MeOH_027 148 802 724 927 106 6.07 935
MeOH_033 15 6.51 457 546 278 9.03 114
MeOH_041 203 575 14 594 119 102 113
MeOH_042 14.2 16 758 6.63 101 6.76 10.2
MeOH_044 929 533 9.07 7.04 755 623 742
MeOH_053 548 693 146 676 13 922 934
MeOH_054 284 736 684 533 11.7 114 118
MeOH_076  31.1 239 503 746 139 987 152
MeOH_079 158 739 321 654 15 978 9.62

Training MeOH_019 254 736 236 582 218 905 155
MeOH_020 227 781 104 454 811 789 102
MeOH_021 158 588 3.92 538 17.6 8.07 9.44
MeOH_022 262 712 115 438 103 347 878
MeOH_023 401 6.02 13 518 111 874 6.06
MeOH_024 32 472 538 555 9.04 878 109
MeOH_026 123 263 229 568 545 6.15 575
MeOH_028 207 621 533 7.09 133 452 951
MeOH_029 186 589 5 65 143 416 9.08
MeOH_030 2.8 7 416 58 7 911 599
MeOH_031 192 677 345 5.68 997 9.07 6.14
MeOH_032 329 594 332 519 759 853 5.64
MeOH_034 859 211 154 153 797 949 13
MeOH_035 244 562 297 512 7.69 898 547
MeOH_036 195 153 466 551 6.72 897 10.1
MeOH_037 20 6.09 774 551 658 891 9.13
MeOH_038 435 265 133 5.69 9.09 9.02 179
MeOH_039 16.8 78 161 809 10 107 116
MeOH_040 144 77 168 766 116 101 114
MeOH_043 115 467 707 6.65 868 485 723
MeOH_045 111 749 176 762 10 984 10.6
MeOH_046 10.6 6.4 997 808 931 6.61 85
MeOH_047 777 651 958 801 844 597 771
MeOH_048 173 958 837 7.09 734 617 931
MeOH_049 956 613 853 7.63 7.1 562 743
MeOH_050  6.17 58 9.01 743 868 588 7.16
MeOH_051 981 524 804 652 92 587 745
MeOH_052 8.06 556 811 651 694 52 6.73
MeOH_055 12 805 161 812 146 103 115
MeOH_073 115 707 107 649 159 857 10
MeOH_074 376 164 434 732 115 9.08 873
MeOH_077 8.3 817 181 65 204 10 92
MeOH_081 205 204 684 951 172 114 143
MeOH_083 161 153 385 721 178 923 116



https://doi.org/10.20944/preprints202502.0422.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 April 2025

30 of 37

Table A8. Detailed MAPE values of the hybrid model (OED) corresponding to 4.

Dataset Experiment XCHyOH XCO XCO, XH, XH,O XN, Total

Testing MeOH_025 277 574 411 587 44 933 9.52
MeOH_027 18 837 698 9.1 874 596 952
MeOH_033 306 653 158 582 19.7 928 123
MeOH_041 245 53 145 59 71 104 113
MeOH_042 219 151 897 701 149 7 125
MeOH_044 986 574 94 671 516 605 7.15
MeOH_053  29.7 647 146 706 11.7 957 132
MeOH_054 179 105 731 525 126 112 108
MeOH_076 324 178 42 748 132 974 141
MeOH_079 188 815 243 653 159 9.74 103

Training MeOH_019 341 844 23 556 287 91 182
MeOH_020 308 645 5.87 533 313 9.12 148
MeOH_021 32.4 53 281 573 839 8.63 10.6
MeOH_022 245 724 116 437 341 349 737
MeOH_023 389 518 1.01 574 108 9.39 11.8
MeOH_024 321 986 535 544 812 87 116
MeOH_026 408 133 425 675 161 7.11 127
MeOH_028 108 6.11 556 729 103 4.65 7.46
MeOH_029 761 589 514 673 131 429 712
MeOH_030 371 6.65 247 627 177 952 133
MeOH_031 36.4 64 178 611 146 95 125
MeOH_032  35.1 56 174 56 153 892 12
MeOH_034 205 275 118 191 122 942 167
MeOH_035 313 542 0973 548 201 93 121
MeOH_036 287 117 27 587 225 9.14 134
MeOH_037 37 6 611 576 217 912 143
MeOH_038 228 154 123 58 186 882 139
MeOH_039 375 513 191 929 20 122 172
MeOH_040 331 531 193 874 128 114 151
MeOH_043 189 379 848 707 221 523 109
MeOH_045 379 581 19 845 641 108 147
MeOH_046 254 533 106 861 188 7.08 126
MeOH_047 234 55 102 84 809 633 103
MeOH_048 224 952 891 761 172 651 12
MeOH_049 228 538 895 817 166 598 113
MeOH_050 26 491 926 792 141 627 114
MeOH_051 278 475 773 7.02 21 624 124
MeOH_052 241 496 811 7.02 187 558 114
MeOH_055 366 692 166 875 141 11 157
MeOH_073 122 771 101 524 155 7.68 28.1
MeOH_074 38 168 543 7.69 129 9.69 151
MeOH_077 331 795 116 699 162 104 126
MeOH_081 226 144 695 942 193 113 14
MeOH_083 18.3 13 363 732 20 93 119
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Table A9. Detailed MAPE values of the hybrid model (NOED) corresponding to 4.

Dataset Experiment XCHyOH XCO XCO, XH, XH,O XN, Total

Testing MeOH_025 277 574 411 587 44 933 9.52
MeOH_027 18 759 738 9.64 887 6.32 9.63
MeOH_033 306 653 158 582 19.7 928 123
MeOH_041 245 53 145 59 71 104 113
MeOH_042 219 151 897 701 149 7 125
MeOH_044 263 423 103 759 171 676 12
MeOH_053  29.7 647 146 706 11.7 957 132
MeOH_054 179 105 731 525 126 112 108
MeOH_076 324 178 42 748 132 974 141
MeOH_079 188 815 243 653 159 9.74 103

Training MeOH_019 341 844 23 556 287 91 182
MeOH_020 308 645 5.87 533 313 9.12 148
MeOH_021 32.4 53 281 573 839 8.63 10.6
MeOH_022 245 724 116 437 341 349 737
MeOH_023 389 518 1.01 574 108 9.39 11.8
MeOH_024 321 986 535 544 812 87 116
MeOH_026 408 133 425 675 161 7.11 127
MeOH_028 108 6.11 556 729 103 4.65 7.46
MeOH_029 761 589 514 673 131 429 712
MeOH_030 371 6.65 247 627 177 952 133
MeOH_031 36.4 64 178 611 146 95 125
MeOH_032  35.1 56 174 56 153 892 12
MeOH_034 205 275 118 191 122 942 167
MeOH_035 313 542 0973 548 201 93 121
MeOH_036 287 117 27 587 225 9.14 134
MeOH_037 37 6 611 576 217 912 143
MeOH_038 228 154 123 58 186 882 139
MeOH_039 375 513 191 929 20 122 172
MeOH_040 331 531 193 874 128 114 151
MeOH_043 189 379 848 707 221 523 109
MeOH_045 379 581 19 845 641 108 147
MeOH_046 254 533 106 861 188 7.08 126
MeOH_047 234 55 102 84 809 633 103
MeOH_048 224 952 891 761 172 651 12
MeOH_049 228 538 895 817 166 598 113
MeOH_050 26 491 926 792 141 627 114
MeOH_051 278 475 773 7.02 21 624 124
MeOH_052 241 496 811 7.02 187 558 114
MeOH_055 366 692 166 875 141 11 157
MeOH_073 122 771 101 524 155 7.68 28.1
MeOH_074 38 168 543 7.69 129 9.69 151
MeOH_077 331 795 116 699 162 104 126
MeOH_081 226 144 695 942 193 113 14
MeOH_083 18.3 13 363 732 20 93 119

Appendix E. Optimal Experimental Design
Appendix E.1. Optimal Experimental Design as Optimal Control

As described in [31] we formulate the optimal experimental design problem as the following
optimal control problem:

. —1
min, ¢(F(tf) ) (A19a)
s.t. 0=f(x,xqtu), (A19Db)
y=h(x,q,tu), (A19¢)
_ s oo Of
0= 556+ 5.6+ 5y (A19d)
oM T
j Z(h;c) (h;c), (A19e)
i=1
x(to) = X, (A19f)
_ on
G(to) = Tq' (A19g)
F(to) =0, (A19h)
0<c(x,q,tu) (A19i)
uel (A19))

In Equation A19 a suitable criterion based on the variance-covariance matrix F~! € RI2/XI9l of the unknown or uncertain
parameters g € Q is minimized. To this end, different criteria ¢ : RI2/*I2l > R have been proposed, typically related to the
volume of the confidence ellipsoid of the associated parameters p. The most commonly used criteria are the A-Criterion (trace
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of F~1), the D-Criterion (determinant of F~!), and the E-Criterion (maximum eigenvalue of F~1). The degrees of freedom are
controls u € U and potentially also the initial conditions x( on the differential states. The dynamics of the original DAE system
are incorporated in A19b. The dynamics of the Fisher information matrix F is given by the weighted sum of observability
Gramians 1, (x)G, i = 1,...,|Y| for each observed function in A19. Here G € RI¥1*I2l denotes the forward sensitivities of the
states x with respect to the parameters g as given in A19d. Also general constraints ¢ : X x Q@ x R x U +— R’ may be present to
model path constraints in A19i.

Given the Equation A19, we need to solve an augmented system of differential equations f'(%’,x’,q,t,u) = 0 with
¥ e X', |X'| = |X|+ |G| + | F| states. Using the fact that F is positive semidefinite and symmetric, we only need to add
|F| = % state variables to model its dynamics, which in total leads to |X'| = |X| + |X| - |Q| + % states, i.e., the
size of the augmented system scales quadratically with the number of parameters | Q.

Appendix E.2. OED for Physical Parameters

After a first re-calibration of the mechanistic model described in Section Appendix C, we computed four optimal
experimental designs for different subsets of model parameters in order to collect insightful data to reduce parameter uncertainty.
The specific parameters for which we compute experimental designs are the two parameters in the Arrhenius equation of each
of the three elementary reactions, i.e., CO and CO,-hydrogenation and RWGS reaction, and the two rate constants kf', k;’ in the
kinetic equation for the state ¢.

The solutions to the four experimental design problems are illustrated in Figures A16-A19.

In the optimal design for the CO hydrogenation (Figure A16) no CO; is present in the feed. Thus, the CO hydrogenation is
the only reaction in this experiment yielding specific information for this reaction kinetics. The design for the CO, hydrogenation
(Figure A17) is an interesting result. Switching between one feed containing the reactants CO, and Hj of the desired reaction
and another feed completely without both was suggested. Thus, a broad range of reactant concentrations is included in the
experiment. In the RWGS design (Figure A18) no CO is present in the feed, forcing the reverse path of the reaction. Interestingly,
in the first time period of the experiment all carbon species are purged out of the reactor with N, and Hy. In the design for the
reversible conversion of active catalytic sites (Figure A19) first a low reduction potential via a low hydrogen concentration (and
no CO) is applied which is later on increased in the experiment to influence the state ¢. All in all, the optimal experiments are
qualitatively meaningful with regard to their design purpose, but nevertheless not trivial in their specific quantitative design.

— CHsOH —CO2 —CO —Hz —H0 —N: ¢
States Molar fractions inlet
1.0 0.050 1.0
T
0.5 - 0.025 % 0.5 _l_;—ﬂ
o :,=t:$:l:
00 1 1 1 1 1 1 1 1 T OOOO OO 1 T T T T T T T T
Sensitivities Inlet volume flow
7.0e-05
] e 3
0.00 ; 4.0e-05
]
_ i =3

1T 1T 1T 1T 1T T T
SESSSFES
N W s @ A
S

Time /

Figure A16. Experimental design for estimating parameters in Arrhenius equation of the CO hydrogenation. The
temperature was determined as T = 257 °C.


https://doi.org/10.20944/preprints202502.0422.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 April 2025

33 of 37

— CHsOH —CO2z —CO —Hz —H20 —N: ¢
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(I) || I I
054 - 0.025 OI’J 0.5 1
o
00 T T 1 T 1 T 1 T T OOOO 00 T 1 T T
Sensitivities Inlet volume flow
0.02 4 7.0e-05
0.01 - W &
0.00 4 : 4.0e-05 -
-0.01 1 W =
1.0e-05
T T T T T T T T

T

Q 9 0 & & &£ & L

S S I L L & 9 S
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Figure A17. As in Figure A16, but for the CO, hydrogenation. The temperature was determined as T = 233 °C.

— CHsOH —CO2 —CO —Hz —H0 —N: ¢
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1.0 0.050 1.0
5
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Sensitivities Inlet volume flow
7.0e-05 T——
0.005 r_/\,_______r\ -
0.000 s g
-0.005 A _— ; 4.0e-05 -
-0.010 - z H
=0.0151 1.0e-05 -
T T T T T T T T T T T T T T T T T T
O 0 8 8 8 8 & & K QO 9 8 8 £ 8 L& & K
S IO O & 9 S S OIS O & S
TELELCFE A T EF &
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Time /

Figure A18. As in Figure A16, but for the RWGS reaction. The temperature was determined as T = 227 °C.
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Figure A19. As in Figure A16, but for the kinetic equation for the differential state ¢. The temperature was
determined as T = 227 °C.

Appendix E.3. OED for Hybrid Model

After training the hybrid model on the collected experimental data, we computed an additional experimental design to
collect insightful data for further training of the embedded neural network. We identified the most important weights and biases
of the network by decomposing the Fisher information matrix in a singular value decomposition which we truncated to the two
largest singular values. In contrast to the previous experimental designs, for this experiment we chose a discretization parameter
of At = 600s, while the other options, bounds and initial values remained the same. The obtained solution is illustrated in

Figure 7.

Appendix E.4. Graphical Comparison of Optimal and Heuristic Designs
We compare the exploration of the state space using optimal experimental design with the previously collected experiments

using the relative density

1
poED (X) = |Bx|

Y~ Toep(x) (A20)

X;E€By
over the training set. Here B, denotes a (data) bin centered at x € X and 1ogp : X + {0,1} is the indicator function

which returns 1 if the point was generated using optimal experimental design.

Figure A20 shows the full set of states and controls of the reactor over all trajectories available. A10 shows the relative
density for all pairs of variables corresponding to the data shown in Figure A20.
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Figure A20. Comparison of the relative state space exploration due to optimal experimental design. Each pair
represents a two-dimensional slice of the full state space, the color indicates the ratio pogp. The state space has

been divided into 15 equidistant bins for each variable.

Table A10. Relative density pogp over two-dimensional sections of the entire state space and all related controls.

CH;0H CO, CO H, H,O N» ¢ p T v M(Hz) M(COZ) M(Nz)
CO, 0.247
CcO 0.146  0.286
H, 0245 0.415 0.292
H,O 0.219 0.399 0.225 0.523
N, 0.205 0.357 0.291 0.272 0.487
¢ 0.18 0.233 0.208 0.349 0.364 0.306
14 0.0615 0.229 0.119 0.142 0.305 0.0964 0.127
T 0.252 0.267 0.234 0.333 0.364 0.287 0.219 0.154
v 0.149 0.337 0.245 0.259 0.461 0.181 0.253 0.126 0.243
u(Hy) 0294 0.366 0.198 0.47 0.468 0.44 0.223 0.239 0.281 0.281
u(COz) 0127 0.218 0202 0.266 0235 022 0.159 0.132 0.18 0.143 0.202
u(Nz) 0.227 0.395 0.276 0.388 0.513 0.311 0.29 0.125 0.235 0.173 0.325 0.153
u(CO) 0231 0.372 0.264 0.366 0.478 0.383 0.291 0.13 0.214 0.148 0.303 0.178 0.209
Mean 0.199 0.323 0.232 0.337 0.408 0.278 0.223 0.151 0.231 0.186 0.277 0.166  0.209
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