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Abstract

Electrochemical reduction of CO4 gas is a novel CO, utilization technique that has the potential to
mitigate the global climate crisis caused by anthropogenic CO5 emissions, and enable the large-scale
storage of energy generated from renewable sources in the form of carbon-based chemicals and fuels.
However, due to the complexity of the electrochemical reactions, the explicit first-principle models
for CO4 reduction are not available yet, and there has been a limited effort to develop process
modeling, optimization and control of COy electrochemical reactors. To this end, a rotating cylin-
der electrode (RCE) reactor has been constructed at UCLA to understand the mass transfer and
reaction kinetics effects separately on the productivity. In the RCE reactor, the applied potential
strongly influences the reaction energetics and the electrode rotation speed affects the hydrody-
namic boundary layer and modifies the film mass transfer coefficient, which involves convective
and diffusive transport. The present work aims to develop a multi-input multi-output (MIMO)
control scheme for the RCE reactor that integrates techniques from artificial and recurrent neural
network modeling, nonlinear optimization, and process controller design. Specifically, production
rates of two products from the experimental reactor, ethylene and carbon monoxide, are controlled
by manipulating two inputs, applied potential and catalyst rotation speed. Process dynamics and
controllability are analyzed, a feedback control strategy is designed and the controllers are tuned

accordingly. The experimental electrochemical cell is employed to gather data for process modeling
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and implement the multivariable control system. Finally, the experimental results are presented
which demonstrate excellent closed-loop performance by the control system and regulation of the

outputs at three different set-points including an economically-optimal set-point.

Key words: Electrochemical CO4 reduction; Multi-input multiple-output control; Experimental
data modeling; Real-time optimization; Neural network modeling.

1. Introduction

The percentage of renewable energy in the electricity grid has increased as decarbonization
efforts have gained momentum against the detrimental effects of global warming. With current
advances and the increasing popularity of sustainability, falling cost and increasing availability of
renewable electricity generation, electrochemical methods have become an attractive alternative for
transforming CO, gas into organic chemicals and synthetic fuels (De Luna et al. (2019)). However,
the overall reaction mechanisms of this transformation have not been fully understood and limited
efforts have been made to build dynamic models to understand and control this electrochemical
process. Moreover, the applications of CO, reduction (CO5R) have not gone beyond the bench scale
(e.g., Jang et al. (2022)). The major bottleneck of the industrial implementation of electrochemical
COs reduction technology is the deconvolution of intrinsic kinetics from mass, heat, and charge
transport effects, which has prevented the development of accurate reaction mechanisms (Jin
et al., 2021). To further explore the fundamentals of electrochemical CO, reduction, a gastight
rotating cylinder electrode (RCE) cell was recently developed, which can decouple the effects of
mass transfer from surface reaction kinetics (Jang et al., 2022). This novel electrochemical reactor
shown in Fig. 1 has demonstrated that mass transport phenomena and intrinsic reaction kinetics
can independently affect the productivity and selectivity of electrochemical CO5R, which implies
the potential to control the product distribution of the reaction by manipulating multiple inputs.
To understand the hydrodynamics effects on the very thin (um scale) catalyst surface boundary
layer, which is ultimately crucial, Richard et al. (2023) simulated the gastight RCE reactor using
computational fluid dynamics (CFD) software. Even though there are such endeavors to capture

the mechanism of CO3R in RCE cells in detail, there is no dynamic model available yet.



In the absence of steady state or dynamic process models such as first principles-based models
that rely on known physical relations, it is possible to build models using data-driven approaches,
such as gray box or black box models that give an output for a corresponding input without exposing
correlations. The involvement of machine learning (ML) models in electrolyzers has attracted atten-
tion over the last decade due to their capability to approximate nonlinearities with no prior physical
information of the system (Corriou, 2004). The use of ML in electrochemistry has recently received
attention and has been used in predicting the next generation of catalysts without earmarking major
budgets and time for experiments with different material combinations. For instance, Timoshenko
et al. (2020) used a neural network trained with X-ray absorption fine structure spectroscopy data
to reproduce the rate and time based structural changes of the catalyst under CO5 reduction. In
another work, Chen et al. (2020) built a catalyst database using density functional theory (DTF)
simulations and used these data to build an extreme gradient boosting (XGBoost) regression model
to predict the change in Gibbs free energies in CO adsorption to find the most feasible CO, re-
duction electrocatalyst among more than 1000 combinations of metals and nonmetals. However,
there have been limited efforts to dynamically model the electrochemical reactions and advanced
ML methods such as recurrent neural networks (RNN) should be used in the electrolyzer context
to capture time-dependent process relations.

The use of RNNs has been becoming widely common as they are very promising for leveraging
the process data for various applications (Hussain, 1999). RNNs have been used successfully in
modeling various processes, and they can be very efficient in modeling the dynamic behavior of
electrochemical reactions. The ability of RNNs to learn time dependencies makes this approach
an alternative to first-principle models, as they can capture the trends in data emerging from the
behavior of the process with respect to variation in inputs. This enables RNNs to be used in process
control tasks; especially highly nonlinear aspects can be learned due to the nonlinear activation
functions in the hidden layers of the neural network structure (Wu et al. (2020)). This would also
be extremely valuable to control a process that does not have a dynamic first-principle model.
Cheng et al. (1995) is one of the early examples of using neural networks before RNN architectures

such as long short-term memory (LSTM) became widely popular to model dynamic processes with



long and variable dead times. The study successfully models a pH neutralization process and uses
internal recurrent neural networks (IRN) with variable dead times, which feed back the calculation
from the hidden node as an input, behaving like a one time step delay. Tian et al. (2001) modeled
the dynamic behavior of a batch methyl methacrylate (MMA) polymerization reactor with a hybrid
stack of RNN models. Using this model, an effective feedback control scheme was implemented to
regulate the temperature, and in turn, key process variables like monomer conversion. In general,
ML models that can represent transient behavior can be used for process control system design
and implementation. In this direction, Ren et al. (2022) summarized how to incorporate various
ML models into a model predictive controller (MPC). For example, Wu et al. (2021) introduced
Monte-Carlo dropout method to the LSTM training case to improve the modeling performance.
In addition to that, the co-teaching method was employed to include ideal first-principles model
data in the training for a better performance. Then, these RNN models were incorporated into an
MPC to simulate the control performance of a CSTR. Khalid et al. (1993) used RNNs to create a
multi-input-multi-output (MIMO) control scheme for a testbed furnace temperatures in which the
weights of the RNN model are adopted as the operation proceeds. This neuro-controller was shown
to be successful in setpoint tracking and against disturbances. With the advancements in sensor
technologies and tools to digitalize experimental systems, feedback control with ML models can be
implemented in a smarter manner.

Our previous work on the CO5 reduction process incorporates smart manufacturing techniques
into the experimental field to fully automate and digitalize the setup to leverage the potential for
voluminous data production from multiple sensors to accelerate the experimental procedures and
contribute to the scale-up efforts. Specifically, Citmaci et al. (2022b) summarized the efforts to
connect UCLA’s experimental RCE reactor to the Clean Energy Smart Manufacturing Institute’s
(CESMII) Smart Manufacturing Innovation Platform (SMIP) to securely store, organize and contex-
tualize data generated during the experiments as well as meta information of the setup components.
SMIP can also be used as a deployment environment for data-driven models and control, to monitor
real-time data, and to extract correlations between experimental parameters. In addition to that,

Citmaci et al. (2022b) elaborates on the RCE’s sensors and how these are upgraded to smart sen-



sors using the available data. One example is the automated gas chromatogram (GC) code, which
fully automates a manual procedure by imitating the steps followed by the experiment supervisor.
Consequently, the experimental setup becomes more compact and efficient.

There are previous data modeling and control efforts for the RCE setup with a different catalyst
electrode, which are used as a base for this work. Luo et al. (2022) explains in detail how statistical
feedforward neural network (FNN) architectures can be used to model the steady state operation
points given the initial experimental input parameters. This model is trained with a database of
open-loop steady state experiments conducted over the past years, accounting for the experimental
uncertainties. This work also presents a method to reciprocally use empirical first-principal mod-
els with the developed ML models to improve the experimentally extracted correlations. Finally,
Citmac: et al. (2022a) used support vector regression (SVR) to model real-time reaction rates for
ethylene and inserted the SVR model into dynamic mass balance equations to implement a feedback
control scheme at economically optimized setpoints. The SVR model constructed in this work also
accounts for a fast catalyst decay and uses delayed feedback concentrations from the GC to update
the model. Thus, this work has been the first successful single-input-single-output (SISO) control
instance of the complex electrochemical CO, reduction process using ML methods.

Motivated by the above considerations, this work proposes an ML-based scheme to implement
real-time optimization (RTO) and multivariable feedback control in an experimental electrochemical
reactor for CO, reduction. Specifically, two RNN models are developed on the basis of existing
experimental data to estimate the dynamic response of the reactor operation. Subsequently, the
information from the sensors and RNN models are integrated and used by two Proportional-Integral
(PI) controllers that manipulate two inputs, applied voltage and electrode rotation speed, to the
electrochemical cell, constructing a MIMO control scheme. In addition, an operational steady state
model and an RTO are developed to calculate the economically optimum setpoints for the ethylene
and carbon monoxide production rates by integrating market information. The proposed control
and optimization scheme is demonstrated by a series of experiments that control the production of
ethylene and carbon monoxide from the RCE cell.

We believe the demonstration of a MIMO feedback control and RTO using this bench-scale



reactor will be critical for the realization and operation of an industrial-scale CO, electrolyzer for
the following reasons. First, moving forward from SISO to MIMO control and generalizing the ap-
proach to account for different combinations of inputs and outputs is essential for reactions involving
multiple products such as the CO5R. In addition, due to the non-selective nature of the reaction,
there is a limit to solving this problem solely through the development of catalysts or the design
of single-unit reactors, and efforts should be made to integrate multiple processes. Such process
integration approaches include not only the connection of upstream/downstream separation or con-
version processes, but also the design of a multi-stage electrolyzer sequence (Ramdin et al., 2021).
Real-time feedback control of a single-unit reactor demonstrated in this work acts as a building
block for constructing a process control network where its communication with neighboring units is
extremely important. Finally, the implementation of RTO which optimizes the overall process but
can be applied to the actuation of individual control units is critical considering how tightly the
control of a single-unit reactor is tied to other processes and the electric grid infrastructure.

The rest of this manuscript is organized as follows. In the section entitled “Preliminaries”, the
experimental reactor setup and database generation for ML model training are described. In the
next section, entitled “Modeling and Optimization of the Experimental Electrochemical Process”,
the construction of a steady model using FNNs and the real-time optimization of this model are
discussed. In the following section entitled “Dynamic Modeling of the Experimental Electrochemical
Process”, the methodology for enhancing our dataset to train a dynamic RNN model is elucidated.
The section entitled “MIMO Control Architecture and Controller Tuning” elaborates on the imple-
mentation of the two PI controllers, their integration with the RNN models and the tuning of the

controllers. Finally, the performances of the models and the controllers are evaluated.
2. Preliminaries

This section presents the details of the experimental setup used in this work. All of the experi-
mental devices apart from nuclear magnetic resonance (NMR) are digitized via Laboratory Virtual
Instrument Engineering Workbench (LabVIEW) software. The experimental process employs a

code for processing GC signals, controllers and actuators, and it is fully automated with Python



scripts that are integrated into a LabVIEW interface, in addition to the ML models that predict
the concentrations at each second. Fig. 1 shows the experimental RCE reactor at UCLA. The
specific feedback controller parameters are determined in advance. The control system implemen-
tations include closed-loop experiments with arbitrary starting concentrations, which are driven to

the setpoints. The process data flow is connected to the database of SMIP provided by CESMII.
2.1. Process Overview

Electrochemical CO, reduction on copper is a complex process. There are 17 chemicals produced
and their reaction pathways are complicated because processes of different time scales, including
mass and charge transfer, adsorption and desorption, and surface reaction, are convoluted involving
multiple reaction intermediates. Mass transport characteristics of an electrochemical system affect
the transfer of reactant to the catalyst surface as well as the removal of intermediates and products
away from the surface. The relative time scales of different processes in the overall reaction can
be realized and controlled systematically in our RCE reactor (Jang et al. (2022)). Among various
products generated from this electrochemical reactor from COsR on polycrystalline Cu, hydrogen
(Hy), carbon monoxide (CO), methane (CHy), and ethylene (CyHy) are in the gas phase and can

be detected using GC. The relevant reactions for these products are shown below:

2005 +8H,0 +12¢7 — CyHy + 120H™ (1a)
COy + HyO +2¢~ — CO+20H (1b)
COy +6H,0 +8¢~ — CHy +80H™ (1c)
2H,O + 2~ — Hy+20H"™ (1d)

In our previous works (Citmact et al. (2022a) and Luo et al. (2022)), we used electropolished
atomically-flat polycrystalline copper cylinder electrodes as COsR catalyst. The smooth nature
of the exposed electrode surface caused a fast catalyst deactivation throughout the experiments,

and various modeling and control approaches were applied to handle this challenge. In this study,



we use the same experimental setup with nanoporous copper cylinder electrodes. Nanoporous
structure directly synthesized on Cu cylinders increases the roughness of the surface with higher
electrochemically active surface area (ECSA) inside the pores (Roberts et al. (2015)) and is more
resistive to catalyst deactivation. Inside the pores, internal pore diffusion is the dominant mode of
mass transport where all species have a long residence time and the electrochemical environment
(e.g., concentration, pH, and electrical potential) becomes highly localized. The high ECSA as
well as the longer residence time of intermediates due to internal pore diffusion shift the selectivity
towards producing more multicarbon (Cs, ) products. To account for this change in selectivity, new

modeling and control approaches are applied in this work.
2.2. Fxperimental Setup

The RCE system consists of two electrode chambers divided by an anion-exchange membrane, a
mass flow controller (MFC), a potentiostat, a temperature control block, and a modulated speed ro-
tator (MSR). During the experiment, pure CO, gas is fed at a fixed mass flowrate at 20 mL - min™
into both the cathode chamber, where nanoporous Cu cylindrical electrode is rotating in 0.2 M
KHCOj electrolyte solution, and the anode (Pt foil) chamber. COy and HyO molecules are trans-
formed into 12 liquid-phase and 5 gas-phase (Hy, CO, CHy, CoHy, and CyHg) products. Hydrody-
namics and convective mass transport can be regulated systemically through the control of electrode
rotation speed actuated by the MSR. Furthermore, the potentiostat can set the applied potential on
the working electrode, and measurements are taken using Ag/AgCl as a reference electrode. Thus,
the reaction kinetics and diffusion effects can be deconvoluted by running experiments at multiple
applied potential and electrode rotation speeds. Finally, the electrochemical cell is hermetic so that
gas phase products can be quantified by a gas chromatogram (GC) in real time. An automated
GC code is written for triggering injections, peak detection, baselining, and calculation of the areas
under the peaks to quantify the gas phase concentrations in ppm using available calibration data,
as explained in Citmaci et al. (2022b). One GC injection takes 14.3 minutes to complete, and is
followed by 6 minutes of cool down before the following GC injection. Thus, when a GC measure-
ment is obtained, it is delayed and is related to the reactor overhead gas concentrations from 14.3

minutes ago. Liquid phase products accumulate in the electrolyte solution and are measured by



NMR at the end of the experiment.
In this work, the main output of the reactor is the production rates, denoted by rc,u, | co for
CsoH4 and CO. The GC measures the concentrations in ppm and these concentrations are converted

to production rates via the following equation.

_ Og];nf}uCO Vo, P 5
"G:Hs|CO = T X G0 x 106« RT 2)

where C¢7 %l co 1s the concentration of C3Hy or CO measured by the GC in ppm, Vo, is the
CO; inlet flowrate in mL - min~! at standard temperature and pressure (STP), P is the standard
pressure at 1 atm, R is the universal gas constant and 7T is the standard temperature at 0 °C'. The
GC takes a fixed volume of gas (for example, 1 mL) at atmospheric pressure. Since all the terms
except the concentration on the right hand side of Eq. 2 are constants, the production rates are
proportional to the concentration in ppm.

This experimental setup is automated and digitalized as explained in detail in our previous
work (Citmaci et al. (2022b)). Before the digitalization and automation efforts started, there
were already accumulated open-loop steady state experimental data obtained under different input
parameters, which were also sent to the SMIP. These open-loop steady state experiments were
conducted under a fixed applied potential (V vs Ag/AgCl) and catalyst rotation speed (RPM) and
the setup was operated until the system reached a steady state. During the experiments, the gas
phase concentrations are measured via GC at 15", 35", 55% and 75" minute, and the resulting
current (A) and a calculated variable surface potential (V vs SHE) is sensed and recorded each
second. The surface potential is the remaining potential across the surface of the catalyst electrode
after accounting for the Ohmic drop in the electrolyte due to solution resistance and it is the more
relevant type of potential parameter as it affects the charge transfer on the surface of the catalyst

electrode. The surface potential (V vs SHE) is calculated as follows:
Esurface = Eapplied —iX R+ EO (3)

where Egyrface 1S the surface potential, E,ppiieq is the applied potential measured against the reference



electrode, 7 is the electrical current, and R is the solution resistance between the working electrode
and the reference electrode measured by electrochemical impedance spectroscopy (EIS) (Jang et al.
(2022)). Ey is the standard reduction potential of the reference electrode used (Ag/AgCl/1 M KCl),
so Eq. 3 removes the potential drop across the solution due to the resistance to ion transport in

these systems.

Remark 1. Experimental conditions may cause uncertainty, therefore experimental data modeling
brings some unique challenges compared to well-structured data, such as data generated by simu-
lations or obtained from industrial facilities. In the RCE setup, despite the electrolyte resistance
being kept as steady as possible (6.2 + 0.2 ), the resistance values are measured a priori, and may
vary for each experiment based on stock solution preparation, environmental temperature, connec-
tivity of inner electrical circuit, etc. Also, the differences in roughness factors that emerge from
doing cyclic voltammetry during the preparation of the porous electrode may affect the catalyst
activity, especially at lower overpotentials. Consequently, it is possible to observe different product
concentrations at the same input conditions. Therefore, the averages and standard deviations from
the steady state open-loop experimental data are shown in Table 1 and are used in the ML model
construction. Also, a plot is shown in Fig. 3 for three experiments conducted at 100 RPM and in
the close vicinity of -1.317 V vs SHE that have nearly overlapping current flows but produce CoHy

concentrations within a standard deviation of 43.4 ppm.

The existing experimental data were collected under various applied potentials at the electrode
rotation speed of 100 and 800 RPMs as shown in Table 1. Also, an empirical correlation for
estimating the current value at a specific surface potential and electrode rotation speed is developed

using the steady state experiments and is as follows:

i = iOQO.203ekEsquace (4)

where i and k are constants and () is the rotation speed. In order to find iy and k, Eq. 4 is
linearized into the following form.

l
n ()0-203

1 = kEsurface + ln(ZO) (5)
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Average values of the experimentally measured current and surface potential and rotation speeds
are linearly fitted into Eq. 5 to find the constants. The distribution of the fitted data is shown in
Fig. 2. The following open- and closed-loop experiments, and data shifts can be explained, and

this experimental system can be simulated using this empirical correlation.
2.3. Open-Loop Step Change Ezxperiments

The modeling objectives of this study are CoH, and CO concentrations; therefore, it is important
to mention the trend with respect to the changes in one of the parameters while keeping the other
one constant, where the parameters are the applied potential and the rotation speed of the catalyst.
CoHy has a very strong correlation with the surface potential and as the applied /or surface potential
increases, CoHy increases strongly. On the other hand, CO concentrations have a very strong
correlation with the rotation speed, so that increasing the rotation speed results in increasing CO
concentrations. These effects can be seen from our steady state machine learning model discussed
in the following section and the cross effects will be discussed in detail.

In order to control the experimental setup, dynamic data must be generated in addition to the
steady state data. Following the steady state experiments, various applied potential and rotation
speed step change experiments were conducted separately. The timing of the GC injections is the
same as the previous open-loop steady state experiments, and it started at the 15" minute with a
sampling period of 20.3 minutes. Based on the steady state experiments, it takes a maximum of 5
GC injections (around 80 minutes) to reach the new steady state and stay there. However, to see the
shorter-term effects, there are a few experiments in which the step change is applied at 3 injections
time. One example of a step change experiment is starting the experiment under a fixed applied
potential and an initial rotation (e.g., at 100 RPM) and changing the rotation speed to 200 RPM
after 5 GC injections and then changing it to 800 RPM until the new steady state is reached. Then,
the reverse procedure is applied such that the rotation speed is first reduced to 200 RPM from 800
RPM and then to 100 RPM. A similar procedure is applied for the surface potential, in which the
applied potential is manipulated to adjust the surface potential to the desired value. The surface
potential values are increased /decreased, and the changes in gas phase concentrations are recorded.

One instance of rotation speed step change experiments under a constant applied potential for CO
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concentration is shown in Fig. 4. It is important to note that changing the rotation also affects the
current passed between electrodes and thus affects the surface potential. Consequently, when the
rotation speed is changed in an open-loop step change experiment, the surface potential does not

remain constant and is subject to small changes. However, this effect is relatively small.

3. Modeling and Optimization of the Experimental Electrochemical Process

3.1. FNN Modeling for Steady State Setpoints

After selecting the controlled outputs and manipulated inputs, a process model needs to be
developed to capture the input-output relationship and used for the design and tuning of the
control system. Ideally, a mathematical model with an explicit form (e.g., first-principles model)
is the best modeling option because of its explainability and reliability. However, in this work, it
is challenging to develop such a model due to the complexity of the reaction mechanisms and the
lack of full understanding of the electrochemical reactions. As summarized in Nitopi et al. (2019),
there are several articles proposing respective unique explanations of the reaction mechanisms for
this reaction. Therefore, there is not a single solid conclusion of the reaction chemistry that can be
used to develop a first-principles model.

To address this challenge, a data-driven model is developed. Specifically, a feed-forward neural
network (FNN) is trained based on the experimental data collected from the steady state experi-
ments discussed in Section 2.3. There are seventeen products coming out from the electrochemical
reactor. The FNN model uses two inputs (i.e., surface potential and catalyst rotation speed) to
predict the production rate of sixteen product species. Hydroxyacetone production rates are not
included in the modeling phase since its production rates are either 0 or very low (under 2 ppm).
The inputs are normalized with a standard scaling factor. The FNN model has a hidden layer with
64 neurons activated by a ReLu function. The Softplus function, f(z) = In(e® + 1), is selected
as the activation function of the output layer to ensure non-negative prediction since the reactor
did not consume any of the product such that the output of our FNN model can not be negative.
Additionally, the Softplus function predicts the output with a smoother curve which aligns the

physical expectation better than other candidate activation functions, such as RelLu and Sigmoid.
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The mean squared error (MSE) function is utilized as a cost function to train the FNN model as
explained in Luo et al. (2022).

Although an FNN model has the potential to provide a universal approximation to any non-
linear relation (Scarselli and Tsoi, 1998) and has demonstrated reliable performance in addressing
chemical engineering and process control tasks (Kramer and Morgado-Dias, 2018; Mohanty, 2009),
it nominally treats each training data point equally, and therefore, it can lead to relationships that
are affected by data points that have significant experimental variability. To account for this issue,
we calculated the coefficient of variance for each data point, based on their respective mean and
variance, and used it as the weight of the specific data point in the training process to account for
data uncertainty (Luo et al., 2022). Specifically, the loss function used to train the weighted-FNN

model can be expressed as follows:

d m
11 | o,
Loss = - >N 7 Vi — Yigl (6)

i=1 j=1 &J
where d is the number of training data points, m is the number of output states, y;; is the i
reference data point for the 5™ product, and g; ; is the predicted production rate for the j product
under the i input combination. v;; is the coefficient of variance of the i data point for the ;"
product, which can normalize the variability of each data point and provide unbiased weight for
products having production rates in different magnitudes. With the weighted loss function, the
FNN model is granted more tolerance for prediction error to prevent the model from overfitting the
data uncertainty when a training data point has a higher variance. The visualization of the FNN

model can be seen in Fig. 5.

Remark 2. Although the production rate of the liquid phase product cannot be measured in real-
time during the experiment, it can be calculated based on the result of the NMR after the experiment
is complete. Therefore the steady state neural network model can predict the production rate of

the liquid-phase product but cannot be implemented in real-time with the dynamic model.

Twelve averaged experimental data points representing surface potentials, rotation speeds and

corresponding 16 product output concentrations from 36 steady state experiments were used for
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training and testing of the model. Nine of the experiments are earmarked for training and 2 were
used for testing. There are 4 experimental points for each 100 RPM and 800 RPM experiments,
2 experimental points for the 400 RPM experiments, and one experimental point for 200 and 600
RPM experiments, each. The model is trained for 3000 epochs based on a mean squared error (mse)
loss function. The mse values are 0.0055 and 0.0063 for training and testing. The results for gas
phase products are shown in Fig. 6. Ethane is not included in the plots since its concentration
does not go higher than 3 ppm under our operation range and thus it is very low. The hydrogen
concentrations in Fig. 6 (a) show a linearly increasing trend with increasing surface potential. The
rotation speed has a small increasing effect on the concentrations. Methane concentrations shown in
Fig. 6 (b) are exponentially increasing with increasing surface potentials at higher overpotentials,
and the effect of rotation speed is more significant at higher overpotentials. CO concentrations
shown in Fig. 6 (c) show a very strong proportional correlation with rotation speed. However, at
lower rotation speeds, an increase in surface potential results in a decrease in CO concentrations.
At higher rotation speeds, the CO concentrations are affected very weakly by the surface potentials.
Finally, the ethylene concentrations shown in Fig. 6 (d) exhibit exponentially increasing trends with
increasing surface potential. The effect of rotation speed on the ethylene concentrations is small,

and the direction depends on the specific rotation speeds.
3.2. Real-Time Optimization

The developed FNN model based on weighted data can predict the reactor performance by
mapping combinations of control actions with the production rates of each species produced by the
reactor. The next step is to apply this information to our multi-variable control scheme. Specifically,
the prediction from the FNN model is used to solve an optimization problem computing the optimum
setpoint for the multivariable control system. The optimization problem is designed to maximize
the economic benefit of operating the reactor. To simplify the optimization problem for this study,
electricity consumption is assumed to be the only operational cost for our reactor and the revenue
of the operation is the total value of the generated product calculated based on the prediction
of the FNN model. Thus, the optimum setpoint is where the reactor profit is maximized. The

mathematical expression of this optimization problem is given below and a third-party software
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[POPT (Wéchter and Biegler, 2006) is utilized to solve this optimization problem. Specifically, the

optimization problem has the form:

J = arg mex R(Z, Esurface) — C(1, Esur face) (Ta)
st. Fon(Esurfaces Q) =1 (7b)
C(Esurfaces I) = ce X I X Egyrpace (7c)
R(%, s face) = i ¢ X & (7d)

=1
100 < © < 800 J (7e)
~ 1.3 < Buurjace < —1.19 (7f)

In the above equations, functions C(Esur face, €2) and R(Esur face, §2) calculate the cost and revenue
of operating the reactor, where Eqy; face, €2, I, ¢;, and c. stand for the surface potential, the rotation
speed of the catalyst in the unit of rotations per minute (RPM), current (A), the market price of
the j™* product, and the electricity price respectively. # is the prediction from the FNN model
containing production rates for m = 16 product species. When solving for the optimum setpoint,
the initial guess for control actions (e.g., Esur face and €2) is first made by the users and provided to
the optimization problem among the product and electricity prices. Subsequently, the IPOPT will
alter the control actions, which leads to a change in the energy consumption and the production
rates predicted by the FNN model, to maximize the profit of the reactor. Once the optimum control
actions are found, the corresponding production rate of CoHy and CO, given by the FNN model,
will be sent as the setpoint for the multivariable control system. As an example, we assumed that
the electricity price is the only varying price parameter, and by picking a value of 0.066 $/kWh,
the most economically feasible setpoints are found to be 112 ppm for CoHy and 490 ppm for CO.
For the second case scenario, a 40% price decrease for Hy and C; products (e.g., CO) and a 60%
price increase in Cy products (e.g., CoHy or CoH5OH) are assumed. The optimization problems are
solved and setpoints are calculated to be 283 and 350 ppm for CoHy and CO respectively. Finally,

one pair of setpoints is selected to show that selectivity can be adjusted at any desired value such
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as 1:1. Thus, setpoints corresponding to 1:1 ratio are calculated to be at 200 ppm and this value
is selected to be the final setpoint. This optimization design assumes that all the products are sold
at market values. However, the extra costs like the separation of gas and liquid products must be

included in a real case scenario.
4. Dynamic Modeling of the Experimental Electrochemical Process

In order to implement multivariable control of this experimental process, there are two dynamic
models needed: one for CoHy and another one for CO. The concentration of the gas products in the
headspace of the RCE cell can be approximated as a mixing volume where the gases produced on
the catalyst mix and are carried over by the CO5 gas flow (Citmaci et al., 2022a). This approach can
be improved by modeling only the dynamic reactor data, which will involve all the inherent reactor
dynamics without being derived by mass balances built for other similar reactor types (e.g., CSTR).
Due to the absence of first principle dynamic equations of the RCE reactor for electrochemical CO4

reduction, data-driven models can be built to model process dynamics.
4.1. Automatic Data Fitting to GC Measurements

The experimental concentration data from the GC are few and discrete; therefore, it is chal-
lenging to apply the deep-learning method (e.g., neural network modeling) to the raw experimental
data. To tackle this, the GC results are combined using polynomial best fits to approximate a prob-
able experimental trajectory, which significantly increases the number of data points, and enables
building a recurrent neural network model.

In order to connect the respective GC points, 3'¢ order polynomials are used for 3 data points.
From the experimental side, three GC measurements represent 40 minutes of the experimental time
span. For each 3 respective GC measurements, 2 polynomial curves are fitted. For example, the
first polynomial fit is between 2", 3'4, and 4" GC measurements. The second polynomial curve
fitting is between 3, 4% and 5*" GC measurements. However, with this method, there are two
polynomial trajectories for the interval between each respective GC point. The most convenient
polynomial fit between these two trajectories can be chosen intuitively. To automate this procedure,

an algorithm is used to select the lower trajectory for an increasing concentration of more than 5%
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and the upper trajectory for a decreasing concentration of more than 5%. This assumes that the
aforementioned increase or decrease is in an exponential trend. If the concentrations that decrease
or increase are less than 5%, then opposite trajectories are selected, implying that the experimental
trajectory evolved into a logarithmic change phase. Due to the combination of different polynomial
fits with this method, the trajectory obtained might not be smooth. To resolve this issue, a Savitsky-
Golay filter with a time window of 500 seconds is applied and the obtained trajectory is adjusted
to the correct timing to compensate for the time dislocation due to the filter window length. Fig.7
demonstrated an example of using the proposed method to enhance the experimental data from one
experiment. In this example, sixteen data points, represented in red circles, are collected using the
GC during over five hours of experiment. This raw data provides very limited information to train
a neural network model. After the data fitting, the available concentration estimations increased

to 18000 for this one experiment, which is shown as the black curve in Fig.4.

Remark 3. This data fitting is not claimed to be the actual experimental trajectory or the best data
interpolation method. Changing the order of polynomials or the number of fitting data points in
the intermediate trajectory may result in different interpolated trajectories. Other functions (e.g.,
linear interpolation, sigmoid function, etc.) can be considered as additional candidates for this

fitting method.

4.2. Recurrent Neural Networks and LSTMs

RNN models are proven to be effective in capturing trends from time series data, and thus,
are used in this work to model the dynamic behaviors of the electrochemical reactor for feedback
control purposes. The increased amount of probable trajectory time series data is used to train this
RNN model. Specifically, the RNN model can learn the time series from a defined time window
and the correlations between the respective data points Wu et al. (2019). The RNN architecture
is depicted in Fig. 8 (a). Input parameter vectors in time series are fed into the RNN and each
time series vector is subject to recurrent calculations in the hidden layers. RNNs learn the time
dependencies and provide results to the output layer, which is usually a fully connected dense layer

to better map the hidden states into meaningful time series outputs.
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One of the most powerful RNN architectures for time series is the Long-Short-Term-Memory
(LSTM) model. LSTMs are different from simple RNNs due to their resistance to exploding/vanishing
gradients exhibited in other neural network models thanks to the forget, input and output gates in
each recurrent unit (Wu et al. (2019)). Each gate and the LSTM recurrent unit are shown in Fig.
8 (b). Here, cell state is used to transfer useful information and past relations from the previous
recurrent units to the next recurrent units, and thus, it can be considered as the memory of this
sequence (Yu et al. (2019)). Cell state is able to keep all the information from the initial time step
recurrent unit until the final time step recurrent unit. The more relevant relationships are kept
in long-term memory, whereas the less relevant information is removed at each time step. On the
other side, there is the hidden state used to keep the output from each recurrent unit and transfer
it to the following LSTM layer. These hidden-state outputs are formulated in a way that ultimately
needs to be fed into a dense layer outside the LSTM, as mentioned in the previous paragraph. At
each recurrent LSTM unit, the previous hidden state vector is combined with the new time step
input vector and fed into the gates.

Additionally, there are three gates in an LSTM layer: forget, input, and output gates. Each gate
contains trainable sigmoid activated neural networks as shown in 8 (b). The combined vector of
previous hidden state and new input vector is fed to the forget gate. Due to the sigmoid activation
function, the output is between 0-1. If the forget gate yields 0, then the previous cell state will be
forgotten. Conversely, if the output is close to 1, the previous information from the cell state is
retained between the forget and input gates. Next, there is the input gate, which also has a sigmoid
activated trainable neural network that decides to what degree the new input vector should be
remembered. The output of the input gate is pointwise multiplied with the tanh activated neural
network outputs which is trained to learn the effect of the new input vector for the current time
step output. Tanh activation function yields results between [-1,1], a negative value signifies that
the new input vector might have a decreasing effect. The input gate yield is added pointwise to
the cell state value. Finally, the output gate, again, filters the previous hidden state and input
vector with a sigmoid activated neural network and this output is pointwise multiplied by the tanh

activated neural network output of the hidden state. This gives the timestep output in the hidden
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state (Yu et al. (2019)). The LSTM structure can be represented mathematically as follows:

i(k) =o(wfz(k) + wlh(k — 1) + b)) (8a)
f(k) =o(wiz(k) + wih(k — 1) + by) (8b)
c(k) =f(k)e(k — 1) +i(k)tanh(wz(k) + W h(k — 1) + b,) (8c)
o(k) =0 (wia(k) +wyh(k — 1) +b,) (8d)
h(k) =o(k)tanh(c(k)) (8e)
#(k) =w,h(k) + b, (8f)

where k is the time step, ¢ is the output from the input gate, h is the hidden state, ¢ is the cell

state, f is the forget gate, and o is the output gate. Furthermore, w"*

is the weight matrix to
the hidden state vector h and input vector z, b;, by, b, b, b, represents biases and the subscript y

indicates relationship to the output (Wu et al. (2020)).

4.8. LSTM based RNN Model Architecture

Two LSTM models are trained using the data calculated through the polynomial best fits be-
tween GC measurements. The inputs for the first LSTM model are surface potential, rotation speed,
and current, and the output is C;H, production rate converted to ppm using Eq. 2. For the second
LSTM, the inputs are surface potential and rotation speed, and the output is CO production rate in
ppm. Based on the experimental observations, this process has dead times of 600 to 1500 seconds
for step changes on different input parameters. It can be seen in Fig. 7 that it takes around 1
injection for the rotation speed change to show its effect on concentration. Also, it was seen from
the experimental data that it might take more than 1500 seconds after the dead time for the process
output to reach the new steady state. Consequently, the past time window is very important for the
dynamic behavior of the process and this time window should be around one hour. From this point,
the models are trained with various time windows. The best model performances are obtained for
3600 seconds of time window for CoH, and 3800 seconds for CO.

If one time window consists of 3600x3 (3 is the number of inputs parameters for the CyHy

estimator) data points, the model would be too big, computationally expensive, and perform poorly
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due to high number of training parameters. In addition to that, the predictions would be very noisy.
Thus, the time window can be discretized in a way that still represents the last one hour without
violating the correlations between consecutive data points. For example, the last one hour can be
represented with data points at each 100 seconds. As a result, the (3600x3) time window is reduced
to the (36x3) time window without losing relevant information. The same approach is applicable
for reducing the model size for the CO estimator, which would have (3800x2) input parameters for
a per second base estimation and has (38x2) input parameters after 100 seconds of discretization.
The model will make a prediction every 100 seconds. Also, the model is trained to predict the next
800 and 600 seconds of the production rates for CoHy and CO respectively, with 100 seconds of
discretization, having the output shape (8x1) and (6x1) in each LSTM. This way, LSTM is seen
to learn the delay behavior better compared to an output shape of (1x1). Finally, both models are
built with 200 hidden nodes in one hidden recurrent layer. It was seen that the prediction accuracy
decreases if we decrease the number of hidden nodes. Also, the computation time increases and
erroneous nonlinear trends are predicted by the model if we increase the number of hidden nodes.

Furthermore, regularization methods, such as recurrent dropout and L2 kernel regularizer, are
performed to increase the generalization performance of the models to unseen data. Specifically, the
following regularization methods are tuned to the best performance at 30% for recurrent dropout
and 0.08 L2 kernel regularization. Increasing or decreasing those tuned parameters may lead to
divergent predictions. The recurrent layer is connected to a dense layer of 8 nodes for CoH, and 6
nodes for CO, which correlates the information from the recurrent node with the production rate
values. A sigmoid function is used in the dense (FNN) output node to limit the predictions by the
highest and lowest values in our training set. Multiple experiments from constant applied potential
and rotation and two long step change experiments were selected for the test set. The remaining
experiments were used to train the models. The predictions of the LSTM models are evaluated

with an unseen testing set, and one set of the testing examples is demonstrated in Fig. 9.

Remark 4. Electrochemical CO4 reduction in RCE cell is seen to have long process delays of more
than 1000 seconds. The models take around 1 hour time window to model those delays. However,

3600 seconds of time window is a very long sequence. Thus, training those models only with open-
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loop experiments might cause poorer performance in a closed-loop context. These models perform
very successfully when only one of the manipulated input parameters varies sharply while the other
one is constant. On the other hand, when two manipulated input variables vary at the same time
gradually, the large time window of the LSTMs might not catch the dynamic trends as necessary.
In order to enhance the LSTMs trained with the open-loop experiments, two preliminary controlled
experiment were conducted, using the initial RNN models trained only with open-loop experiments.
The dynamic data obtained from this experiment are used to train both estimators, which also
leveraged the models to improve themselves to adapt their weights to the dynamic changes of the

feedback control context.

The models need 3600 and 3800 input data points to make predictions for CoHy and CO,
respectively. Thus, the first prediction is obtained at the 3600"" second for the CoH, estimator and
at the 3800" second for the CO model. The RNN architecture could have been built in such a
way that the concentration output from the previous time step is fed to the LSTM model to guess
the next time step concentration. This approach could have been useful to model the experiment
starting from the beginning of the experiment rather than 3600" second. However, before each
experiment, pre-experiment measurements are performed including EIS to measure the solution
resistance and cyclic voltammetry (CV) to check catalytic activity which already generates some
products while cycling through a potential window. Thus, depending on the time span after this
CV procedure, the development of gas products in the early stage may vary. This can be seen from
the brown experimental curve (Experiment 3) in Fig. 3, in which there was a longer waiting time
between pre-experiment measurements and the actual open-loop experiment compared to the other
two experiments. This caused the delayed development of gas concentration trajectory at the early
stage with a slower accumulation of gas products in the reactor headspace. Thus, feeding back the
previous time step concentration estimation to the LSTM model causes confusion for the training
set. As a result, the LSTM estimators wait about an hour until the system reaches equilibrium and

are not affected by previous experimental development.

Remark 5. Initially, both of the estimators were trained with three inputs: Surface potential (V

vs SHE), electrode rotation speed, and current. The current is a significant indicator for the CoHy
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concentration and it is very important to include the current for training. However, the CO con-
centration is more dependent on the rotation speed and the surface potential. When the models
were trained with open-loop step-change experiments, it was seen that the LSTM model for CO
has a stronger correlation with current rather than surface potential. On the other hand, increas-
ing current under a fixed applied potential decreases the surface potential, as can be seen from
Eq. 3. Conversely, if the applied potential is not constant, the surface potential will increase with
increasing applied potential. Thus, increasing the rotation speed will have an increasing effect on
the CO concentration, whereas it will also increase the current and decrease the surface potential.
Consequently, the LSTM model trained with open-loop experiments will learn that increasing cur-
rent means increasing CO. This provides a great training accuracy in the testing set performance
of open-loop experiments. However, the model should also learn the competition between the sur-
face potential and the rotation speed for dynamic experiments. When this model was tested, it
was found that the model yields incorrect trends when the ethylene concentration is increased by
adding more surface potential (thus increased current) and the rotation is decreased. From the
known correlations and GC results, the CO concentrations should have decreased, whereas the es-
timator predicted increasing concentrations due to increasing current. After seeing this deficiency
with the dynamic model prediction based on model involving three inputs, the CO estimator was
retrained using two inputs, surface potential and rotation speed, and the aforementioned problem
was resolved. A diagram that explains how the model training and verification were carried out

using both open-loop and closed-loop experiments is shown in Fig. 10.

The CoHy and CO estimators are trained with 83393 and 112789 data points obtained through
probable experimental trajectories. The difference between the training test sizes is due to using
different experiments for training both models. Also, the CO model is trained with 2 preliminary
dynamic controlled experiments whereas the CoHy model is trained with only one. The training
and testing mean absolute error performances are 0.62 ppm and 3.15 ppm for CoHy4 model and 0.63
ppm and 11.1 ppm for CO. This indicates that the models fit to the training data quite well, but

it generalizes to the new data satisfactorily well within the experimental standard deviations.
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4.4. Regularization Effects on Experimental Data Modeling

In 2014, Srivastava et al. (2014) proposed the dropout method that randomly eliminates a
percentage of hidden units during the training to eliminate/alleviate the overfitting effects in neural
networks. When a unit is randomly excluded for an epoch, it prevents the rest of the neurons
from excessively co-adapting. The dropout method is also used in our neural network architecture
between the LSTM output and dense output layers. The addition of dropout in between these
two layers has shown considerable overfitting mitigation. Specifically, the recurrent dropout in our
model trained with Tensorflow /Keras uses the approach proposed by Semeniuta et al. (2016) and
handles the connection between pointwise multiplication and pointwise summation in the input gate
shown in Fig. 8 (b).

Although dropout is a very strong regularizer, adding other regularization methods to our model
training can further improve the generalization performance of the model. L1 and L2 regularizers
can be used as a part of the model training loss function. L1 regularizer is used to keep the specified
model parameter close to 0 whereas L2 regularizer is used to prevent the model parameter from
having too high values (Cortes et al. (2012)). The regularizers can be applied on model weights,
biases or to the output. In our model training, an L2 kernel regularizer is used on the weights. The

L2 kernel regularizer in the loss function is shown in Eq. 9.

A

1
J(w; X,y) = J(w; X, y) + S w'w (9)

where J is the modified loss function, J is the loss function (e.g., mean squared error), w is the weight
matrix that will be optimized, A is the user-defined L2 regularization parameter that determines
the intensity of the regularization.

Fig. 11 illustrates the enhancement in the model predictions with the addition of L2 regular-
ization and dropout. The experiment shown here is used to test run the LabVIEW script with
the experimental setup under a closed-loop trial. The slateblue curve is the fitted data with the
method mentioned in Section 4.1 and the model predictions are supposed to converge to this curve.

Orange prediction is the model trained without any regularization method and it can be seen that
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the predictions have large deviations from the fitted curve. Then, a slight L2 regularization with
the A=0.04 is shown with the dashed blue curve. Between the 7500"" and 10000*" seconds, there
is a slight improvement; however, the latter stages of the experiment still have significant error
margins on the order of 300 ppm. Then, the L2 regularization value is increased to A=0.08 (dash-
dotted blue curve), and even though the noise in the predictions decreases and the trends are better
represented, the model overshoots the probable experimental trajectory. Then, the regularization
value was increased to a relatively high value at A=0.15 (dotted blue curve), and this resulted in
a drift and increased noise in predictions at the later stages of the experiment. This demonstrates
that the low and high values of L2 regularization parameter A\ do not improve the model, whereas
a suitable fine-tuned A value boosts the model performance. Finally, the best model with A=0.08 is
further improved with an appropriate percentage of recurrent dropout (red curve) and the dynamic
trends are captured as well as the error predictions are greatly reduced. Thus, it is shown that the
application of proper regularization parameters significantly augments the model generalization to
unseen data. The regularization values presented in this section also generalize well to the other

experimental operations (open- and closed-loop experiments).

Remark 6. The test case in Fig. 11 is a closed-loop experiment in which both surface potential and
rotation are manipulated. Thus, this case is harder to generalize than open-loop experiments for
the dynamic behavior.
4.5. Implementation of the LSTM Model in Real-Time Operation

The estimators are built to give a prediction each 100 seconds. However, for efficient control,
we are expecting a per-second model feedback. Also, if the models were able to yield a per-second
prediction, which would require a much larger model than a time window of 36/or 38 data points
every 100 seconds, it would be computationally expensive for the LabVIEW program and might
cause a time shift for 1 second intervals since there are many calculations being made at the same
time and more data being kept in the memory. Therefore, to tackle this problem, a linear regression
extrapolation approach is used to estimate 99 time steps between two consecutive LSTM predictions.
In this approach, the recent LSTM prediction and the previous one are kept in memory and fitted

to a line via linear regression for the previous 100 points. For the next 99 seconds, this linear
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regression formula is used to extrapolate between 101" to 199" following predictions. With this
method, there is a very small loss of accuracy, but a gain of interconnecting points estimation and
computational efficiency. Since the 100-second interval is quite small in the development time of the
experimental trajectory, the linear nature of this guess does not disturb the modeling of the setup.
With this approach, long time window processes can be modeled more accurately using smaller

models for many time steps without losing important information.
5. MIMO Control Architecture and Controller Tuning

This study aims for the multivariable feedback control using two PI controllers for CoH, and

CO concentration by manipulating applied potential and rotation speed.
5.1. Using Data for Process Parameter Extraction

The first-order plus time delay (FOPTD) model, as shown in Eq. 10 is used to extract the process
parameters for the transfer function. Various open-loop experiments were conducted by applying
separate step changes to applied potential and rotation speed. After applying the step change, the
changes in CoH, and CO concentrations are fitted to a sigmoid function and normalized between
0-1 for easy comparison between various step changes. From those plots, a tangent line from the
inflection point is drawn to intersect the X axis. The intersection value on the X axis is defined
as the dead time, indicated by €, and the time required to reach 63% of the final steady state is
defined as 7. These parameters are used to extract the FOPTD model shown in Eq. 10, where K
is the steady state gain and s in the Laplace domain variable of the form:

—Ke 0

G(s) = P (10)

However, electrochemical CO4 reduction is a highly nonlinear process; therefore, one FOPTD
model will not be sufficient to model the entire operating range. Thus, various FOPTD models
should be extracted for different surface potential and rotation speed ranges. Our open-loop exper-
iment range might not include an instance of a change between the limits of the designated ranges;
thus, we should check general correlations for the dead time and 7 for different step changes. If

there is a general correlation for the time parameters, it is possible to extract steady state gains
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from the FNN model. The graphs presented in Fig. 12 are used to display the dynamic responses
of CoHy ((a),(b)) and CO ((c),(d)) under various rotation speeds and rotation speed changes.

Fig. 12 (a) clearly shows that the concentration change exhibits the same dynamic behavior
under applied potential step regulations and constant rotation, which means that we can assume
the same dead time and 7 for the tuning process. After analyzing the second plot, it was seen that
similar dead times and 7 values are obtained for rotation speeds less than 200 RPM. These values
are used in the FOPTD model for CoHy. A similar procedure is followed for the extraction of the
CO FOPTD model parameters.

Fig. 12 shows the dynamic concentration evolutions for CoH4 and CO under a step change in
one input parameter (applied potential or rotation speed) while keeping the other input parameter
constant. For example, in Fig. 12 (a), the normalized dynamic data fittings for applied potential
change under a constant rotation speed overlap with each other for each experiment and they have
the same dead time. In Fig. 12 (b) and (d), the dynamic data for the change in CoHy and CO
concentrations with respect to a variation in electrode rotation speed under a constant applied
potential is demonstrated. For Cy;Hy, it was seen that for the rotation speed changes under 200
RPM, the dead times are around the same value, and this is shown in Fig. 13. For CO, the variation
in 7 values for different rotation speed changes are illustrated in Fig. 13 (b). For each step change
experiment, 6 and 7 values are extracted from the data and they are averaged for a more generalized
results. These values will be used to extract FOPTD models for operational regions. The extracted
6 and 7 values can be seen in the multivariable control array shown below in Eq. 11.

As the time constants and delays for the FOPTD model are obtained, there is now a need to ob-
tain steady state gains. Electrochemical CO4 reduction process is inherently highly nonlinear. This
can also be seen from the exponential increase in operational steady states in CoHy concentrations
with increasing surface potentials shown in Fig. 6 (d) and different behaviors of CO concentrations
at different rotation speeds in Fig. 6 (¢). Thus, we divide the operation range into 9 regions as the

following;:

e Potential ranges: = (-1.19, -1.26V), (-1.26, -1.30 V), (-1.30, -1.32 V);
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e Rotation ranges = (100-200 RPM), (200-400 RPM), (400-800 RPM).

The multivariable control array and relative gain array shown below have the following structure.

100 : 200 RPM 200 : 400 RPM 400 : 800 RPM
—1.19: -126Vvs SHE
—-1.26: -1.30Vvs SHE
—-1.30: -1.32Vvs SHE

These ranges are expected to satisfactorily linearize the process. The steady state gains are cal-
culated from the FNN model. Using the FOPTD models and different operating windows, we can
obtain the multivariable control arrays such as shown below in Eq. 11 for the [-1.19, -1.26 V] and
[100, 200 RPM] region.

—1427¢" 11135 —0.030¢ 15575
[ Ceymy(8) } _ [ 9525 1395+ 1

{ Esury(s) } (11)

—919¢ —&1_4095 —0. 646712345
Ceols) 952511 54041

This array is represented in the Laplace domain and four distinct FOPTD models are used to
represent the dynamic process behavior. The first element of the FOPTD matrix in the first row
represents the influence of Fgy, fqcc and the second element in the same row represents the dynamic
effects of rotation change on the CoHy concentration. The second row represents the same impact
on CO concentration for the respective inputs. The transfer function matrices in different regions

are given below:
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5.2. Relative Gain Array

There are two general approaches for the MIMO control system design of the RCE reactor based
on the manipulated inputs and controlled output relationships: employing two proportional-integral
(PI) controllers or a model predictive controller (MPC). If there are specific input-output couplings
that are strong (i.e., multivariable interactions are relatively weak), then it is appropriate to use two
PI controllers. In the opposite case where multivariable interactions are strong, an MPC should be
used to regulate the process accounting explicitly for these interactions. To evaluate the strength of
the multivariable interactions, a relative gain array (RGA) approach is used. In this work, from the
experimental results, we have observed that the electrode rotation speed has a strong effect on the
CO concentration, while the surface potential has a very strong effect on the CoH,4 concentration.

RGA is used to quantify these impacts and is calculated as follows (Bequette (2003)):

k11koo —ki2k21 )\ )\
A= k11k2£*k12k21 kllkﬁ2*k12k21 — 11 12

21k12 11k22 A A
ki1koa—ki2ko1  ki1kao—ki2k21 21 22

where k;;, i = 1,2 and j = 1,2, are the steady-state gains in the matrix transfer function models;
for example, referring to Eq. 11, kyy = —1427, k1o = —0.030, koy = —919 and key = —0.64. The
RGA only needs the steady state gains. If the diagonals of RGA are close to 1, then it means that
the surface potential can be used to control the CoH, production and the rotation speed can be
used to control the production of CO using two single-loop proportional-integral controllers. The

RGAs of the different regions are presented below:

[[0.9704  0.0206]  [0.9706  0.0294] [ 1.0181  —0.018]]
1 0.0206  0.9704) | 0.0294  0.9706] | —0.018  1.018
(09444 0.0556]  [0.9610  0.0390]  [0.9977  0.0023]
| 0.0556  0.9444) | 0.0390  0.9610] | 0.0023  0.9977]
(09693 0.0307]  [0.9669  0.0331]  [0.9908  0.0092]

1100307 0.9693]  [0.0331 09669 [ 0.0092  0.9908] |

Since the RGA diagonal elements for each region have values very close to 1, we can infer
that two PI controllers are sufficient to control this process, where one of the PI controllers will

manipulate the applied potential to control CoH, while the other PI controller will manipulate the
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rotation speed to control CO production rate. These RGA conclusions hold true for a broad set of
steady state values of the inputs in the operating region of interest; this analysis was carried out in
Canuso (2022) for a similar experimental reactor setup and will not be repeated here. Overall, it is
noteworthy that the RGA results based on our lab-scale experimental reactor provide a quantitative
basis for the strength of these interactions in a scaled-up reactor based on the design employed in

our current process.
5.3. Controller Tuning

Two PI controllers are used for the feedback control of the experimental RCE reactor. Since the
FOPTD transfer function array is obtained, the controller tuning parameters can be calculated for
both PI controllers using the Cohen-Coon technique. Specifically, the FOPTD models are initially
used to extract 9 pairs of controller parameters with the Cohen-Coon tuning method. The details
of Cohen-Coon tuning method can be found in (Hambali et al. (2014)). However, employing 9
pairs of controller parameters might be complicated, thus, proportional gain values that are in the
vicinity of each other are averaged to reduce the number of controller parameters. After having the
preliminary proportional gains and integral time constants, MATLAB is used to simulate a setpoint
change to fine-tune the proportional gains taking the Cohen-Coon estimations as starting points.
The fine-tuned control parameters are presented in Table 2 and the simulation results for different
regions are presented in Fig. 14. The integral time constants (7;) from Cohen-Coon are 1250 and
1000 seconds, respectively.

However, there is a unit matrix decoupler defined in the MATLAB tuning procedure, meaning
that the simulator does not take the cross-coupling effects into account (e.g., rotation effects on
CoHy concentration). At some specific operation ranges, the cross-coupling effects might affect the
performance of the closed-loop system. For example, as discussed in Section 3.1, the effect of surface
potential change affects the CO concentration at lower rotation speeds. When the MATLAB-tuned
parameters are tested in the experimental setup, it was seen that both of the parameters have huge
fluctuations around the steady state setpoints. This means the controller proportional gains are
not tuned to handle the cross-parameter effects, and they should be further improved.

It is very time-consuming and costly to fine-tune the controllers on the experimental setup by
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trial and error, especially when multiple pairs of control parameters are involved. To address this
problem, the dynamic RNN models trained for CoHy and CO dynamic evolution modeling are used
as the digital model of the experimental reactor to investigate the controller performance under
numerous pairs of controller parameters in different regions. To enable this simulation, the instance
current is required as the input for the estimation of CoH,. Thus, the correlation presented in Eq.
4 is used to approximate the current at a specific surface potential. However, this case is idealized
compared to the real system because the current magnitude is largely affected by the resistance of
the electrolyte solution and experimental conditions might also affect the concentration outputs.
Two PI controllers are added to the simulation. The first controller manipulates the surface
potential to control CoHy production rates while the second controller manipulates the rotation
speed to regulate the CO concentration in the reactor overhead. It was seen that if both controllers
are tuned with values in the vicinity of MATLAB-tuned proportional gains, both of the setpoints
suffer from big fluctuations due to cross-coupling effects and it would take a very long time for
both fluctuations to subside. Thus, the case that worked best and fastest to reach the steady state
is having one of the controllers with a high proportional gain and the other controller with a low
proportional gain. Specifically, the CoH, controller is selected to be the more aggressive one while
the CO controller is adjusted to drive the process to the setpoint slowly. Therefore, the MIMO
control scheme aims to drive the CoHy concentration to the setpoint quickly; and after it is reached,
the second PI controller drives the CO to the setpoint slowly. While CyH, is going to the setpoint,
CO could even go in the opposite direction with respect to its setpoint because big changes in
the surface potential could negatively affect CO, especially at low rotation speeds. However, once
the surface potential is stabilized at the new setpoint, the rotation speed is adjusted slowly, while
the small cross rotation effects on CoH, are compensated by the aggressive potential controller. A
control case simulation scenario with the new control parameters is shown in Fig. 15. The final

proportional gains obtained from this simulation are presented in Table 3.
5.4. Estimator Design Using GC Measurements

In Section 2.2, the standard deviation in the experimental results is discussed under nearly-

identical surface potential and rotation speed for relatively short duration experiments of less than
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2 hours. The experimental conditions mentioned in Remark 1 also affect the variability in the
experimental performance observed for individual experiments. Therefore, the LSTM models built
using the experimental training data are expected to give a prediction that is compatible with the
averaged experimental output and within the standard deviations, however, this prediction still
needs to be improved for feedback control purposes. To accomplish this fine-tuning of the control
of the reactor, the GC sensor feedback is incorporated into the prediction model and the control
scheme.

In our previous work Citmaci et al. (2022a), we offered an approach to introduce the GC mea-
surements incurring a 14.3 minutes delay into the concentration estimation and feedback control
scheme. However, that approach took advantage of a hybrid model and mass balance equations,
calculated the error in machine learning-based reaction rate estimation and corrected the estimator
predictions accounting for the possible corrections in past time instants of the experiment. That
approach is not applicable here due to LSTMs being black box models. Instead, taking advantage
of the ability of RNNs to learn time series and trends in complex data series, we can scale the
RNN predictions with respect to the recent GC measurement and adopt our RNN model to the
real experimental trajectory without violating the trends. This is a suitable solution built on the
understanding that the catalyst activity may vary from experiment to experiment, while the funda-
mental mechanism for the transformation of CO4 on the copper electrodes is unchanged. The RNN
model predicts the concentrations within a standard deviation, and captures the dynamic timing
(e.g., dead time and 7) satisfactorily well. Thus, scaling the model does not affect the dynamic
trends. To scale the RNN outputs, the prediction from 14.3 minutes ago is kept in the control loop,
and it is compared to the GC measurement when the injection is completed. As soon as the GC
results are obtained, the GC result is proportioned to the RNN prediction from 14.3 minutes ago
and a scaling factor « is obtained. Then, the current RNN predictions are multiplied by the scaling

factor until a new scaling function is obtained. This is described as follows:

L (12a)
Fpyy(t—14.3 min)
Fryn(t) = o' x Fpyy(t) (12b)
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where 4 is the number of GC injections, GC' is the i* GC injection, Fy is the prediction of the
unscaled RNN model and Fryy is the prediction of the scaled RNN model.

This GC feedback correction is not applied after each injection. Applying a scaling factor during
a big setpoint change might interfere with the model dynamics, thus we scale the RNN predictions
when the consecutive GC variation is small (e.g., at steady state). When the difference between
the GC measurement and RNN prediction is substantial, the scaling factor is applied when the
concentrations are near a steady state, the model predictions and GC measurements are scaled to
be coherent, and the system is driven to the set-point after the scaling. This correction is applied if
the consecutive GC measurements are within 8% or 10 ppm vicinity of each other. The application
of the scaling factor is automated on the LabVIEW interface. The final control diagram of the

process is shown in Fig. 16.
6. Closed-loop Experimental Results and Discussion

Three scenarios are considered for the demonstration of MIMO control in this study. The first
scenario aims to drive the process to the most profitable set-point under the base case, which has
a selectivity of 1:4 for the CoH4:CO concentration ratio. The second scenario drives the selectivity
ratio to 1:1 to show the flexibility of the control sys