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As a carbon capture and utilization (CCU) technology, gas diffusion electrode (GDE) based electrochemical CO,
reduction reaction (eCO,RR) can convert CO, to valuable products, such as formate and CO. However, the elec-
trode parameters and operational conditions need to be studied and optimised to enhance the performance and
reduce the net cost of the eCO,RR process before its industrial application. In this work, a machine learning
algorithm, i.e., extended adaptive hybrid functions (E-AHF) is combined with a multi-physics model for the data-
driven three-objective optimisation and techno-economic analysis of the GDE-based eCO,RR process. The effects
of eight design variables on the product yield (PY), CO, conversion (CR) and specific electrical energy consump-
tion (SEEC) of the process are analysed. The results show that the R? of the E-AHF model for the prediction of
PY, CR and SEEC are all higher than 0.96, indicating the high accuracy of the developed machine learning al-
gorithm for the prediction of the eCO,RR process. The process performance experiences a notable improvement
after optimisation and is affected by a combination of eight variables, amongst which the electrolyte concentra-
tion having the most significant impact on PY and CR. The optimal trade-off single-pass PY, CR and SEEC are
3.25x107° kg s7!, 0.663% and 9.95 kWh kg~! based on flow channels with 1 cm in length, respectively. The SEEC
is reduced by nearly half and PY and CR are improved more than two times after optimisation. The production
cost of the GDE-based eCO,RR process was approximately $378 t~!product (CO and formate), much lower than
that of traditional CO, utilisation factories ($835 t~!product). The electricity cost accounted for more than 80%
of the total cost, amounting to $318 t~!, indicating that cheaper and cleaner electricity sources would further
reduce the production cost of the process, which is the key to the economics of this technology.

1. Introduction which is mainly caused by the low CO, mass transfer rate and the reduc-

tion reaction rate (Xiang et al., 2019; Nguyen and Dinh, 2020; Garcia de

CO, reduction through electrochemical route is one of the CO, cap-
ture and utilisation (CCU) technologies (Budzianowski, 2012), which
can convert CO, into value-added raw materials and chemical products,
such as CO, syngas, formate (HCOO™), methane (CH,) and ethyl alcohol
(C,H5OH) (Yamamoto et al., 2002; Hori et al., 1994; Ogura, 2013).
With renewable and carbon-neutral energy sources, electrochemical
reduction of CO, can be one of the negative emissions technology
(NET), which can convert intermittent and unstable energy (i.e., solar
and wind) to stable chemical form for further storage and utilisation
(Whipple and Kenis, 2010). Currently, the most significant limitation of
the electrochemical CO, reduction process is the low current density,
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Arquer et al., 2020), which strongly limit the practical application of
eCO,RR technology. To break the limitation, intensive research has
been concentrated on the development of high-performance electrodes
and catalysts to improve the CO, reduction efficiency and the product
yield (Garcia de Arquer et al., 2020). Higuchi et al. (2018) used the
modified Bonnemann method to prepare Pt,Ru (x = 1, 3, and 4)
alloy-loaded carbon black (Pt,Ru/C) catalysts, which achieved 91.7%
faraday efficiency (EF) in methylcyclohexane production from CO,.
Kwok et al. (2019) designed a kind of nano-folded gold catalyst for
the eCO,RR system and indicated that the FE of CO production was
about 87.4%.
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In addition to high-performance catalysts, the configuration of the
electrolyser also plays a crucial role in enhancing the reaction surface
area and promoting the mass transport rate. The gas diffusion electrode
(GDE)-based electrolyser is a more advanced design that tends to be
used in eCO,RR systems due to the potential performance improvement
under mild operating conditions (i.e., ambient pressure and room tem-
perature) (Nguyen and Dinh, 2020; Lu et al., 2014). The porous catalyst
layer (CL) in the GDE is the predominant location of the electrochemi-
cal reactions, thus enlarging the specific area of reaction, alleviating the
CO,, mass transfer resistance and shortening the distance travelled by the
reactants to the reaction sites (Liang et al., 2020; De Mot et al., 2019;
Tan et al., 2020). Weng et al. (2018) developed a physics-based model to
simulate the CO, reduction inside the GDE. The results confirmed that
the CO, conversion efficiency is highly limited by the CO, mass trans-
fer and it can be improved significantly by implementing porous CL.
Blake et al. (2021) compared the CO, reduction performance of a GDE-
based planar electrode through modelling, which indicated that the GDE
can improve the diffusivity and solubility of CO, in water and facilitate
current densities orders of magnitude higher than the limiting current
densities of the traditional planar electrodes. Recently, several studies
have been published focusing on the effect of different parameters in
GDE. The studies of Yang et al. (2021a) revealed the significant effect
of the cell potential on the performance of GDE, in which the results in-
dicated that the cell potential affected the wetting characteristics of the
hydrophobic gas diffusion layer (GDL), resulting in flooding that further
lowers the stability of the GDE during operation Petrov et al. (2022) de-
veloped a model for the water transport through the AEM during elec-
trochemical CO, reduction process with micro-channels in CL account-
ing for the crossover of K+ and AEM conductivity, which revealed that
membrane with channels of promise geometry can increase the current
density by up to 40% compared to a traditional AEM. Yang et al. (2021c¢)
studied five parameters, i.e., applied cathode potential, catalyst loading,
porosity, inlet gas composition and velocity, based on a two-dimensional
steady-state multiphase GDE model, which showed that 0.5 M KOH
catholyte at the volumetric velocity of 0.5 mL min~! is a relatively opti-
mised working condition. Weng et al. (2019b) compared aqueous GDE,
full-MEA and exchange MEA through a physical-based model, in which
several operation conditions were determined for the optimal working
ranges of different types of configurations. The system with the 0.5 M
KOH catholyte and at the volumetric flowrate of 0.5 mL min~! is se-
lected as it could generate a higher current density and more formate
under the same applied cathode potential, without contamination of C2
products.

To date, most research on eCO,RR process and system is dedicated
to developing stable, efficient, and selective catalysts through experi-
mentation or physics-based modelling (Garcia de Arquer et al., 2020).
Limited attention has been paid to the optimisation of electrode param-
eters and operational conditions (Gabardo et al., 2019) and even fewer
studies focus on the integration of mechanistic physics-based simula-
tions and data-driven surrogate models. Currently, there have been some
physics-based models for simulating the GDE system (Wu et al., 2015;
Wang et al., 2013; Li and Oloman, 2007), but these are restricted by the
complex process for solving partial differential equations (PDEs) over
a complex geometry and the computational and time costs are still un-
affordable for further multi-variable and multi-objective optimisation.
Machine-learning, algorithm-based, data-driven surrogate models, the
simplified alternative of the original mechanistic models, are consid-
ered to be a promising approach to investigate multi-variable and multi-
objective optimisation problems (Jiang et al., 2023). There are already
some data-driven surrogate models used for optimisation of systems,
e.g., response surface methodology (RSM) (Xing et al., 2023), Kriging
(KRG) (Bouhlel and Martins, 2019), recurrent neural networks (RNN)
(Lei et al., 2023) and artificial neural networks (ANN) (Wang et al.,
2023; Sun et al., 2005). These individual algorithms have different
strengths and weaknesses. For instance, RSM and KRG are statistic-based
approaches, mainly focus on regression and can achieve relatively high
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accuracy with a relatively simple algorithms and low requirement of
massive training data, but less suitability for the multi-variables optimi-
sation problems (Sun et al., 2005). RNN and ANN are two different neu-
ral networks frequently used in deep learning, mainly focusing on fea-
ture extraction and classification, which are entirely data driven with-
out prior knowledge of the statistics of the problems and data. They
are potentially extendable more readily to large numbers of variables
and normally able to predict objectives more accuracy with the sup-
port of big data. Surrogate modelling packages and toolboxes were also
developed, e.g., the surrogate modelling toolbox (SMT) developed by
Saves et al. (2023) and the object-orientated derivative-free optimisa-
tion (OODX) developed by Durkin and Guo (2023) as an open-source
Python package. To trade off the complexity and accuracy of various
data driven approaches, an extended adaptive hybrid functions (E-AHF)
(Xing et al., 2023; Saves et al., 2023), an advanced machine learning
algorithm, is adopted as the data-driven surrogate model in this work
for the multi-variable and multi-objective optimisation of the eCO,RR
system. The E-AHF model improves prediction accuracy by utilising the
advantages of multiple individual machine learning algorithms and se-
lecting the best combination of them at each data point (Jiang et al.,
2023; Song et al., 2018). Some work has already been reported on com-
bined machine learning and physics-based models to optimise CCU tech-
nology (Xing et al., 2023; Lei et al., 2023), but few concentrated on
the GDE-based eCO,RR systems. In addition to the optimisation of per-
formance, techno-economic analysis (TEA) of the technology is critical
before industrial application (Hossain et al., 2019). While there have
been some evaluations of the TEA of CO,, utilisation systems in previous
studies (De Luna et al., 2019; Pérez-Fortes et al., 2016), there is a lack of
research on the TEA specifically for the GDE-based eCO,RR system. The
objective of this study is to address this knowledge gap to some extent.

In this work, a physics-based mechanistic model is integrated
with machine-learning-based surrogate approaches to conduct multi-
objective optimisation and techno-economic analysis of a GDE-based
eCO,RR process. Firstly, a two-dimensional, multi-phase flow, multi-
physics, isothermal model was developed to describe the detailed elec-
trochemical and physical processes occurred within the GDE-based CO,,
electrolyser. After experimental validation, the mechanistic model was
used to generate data for training the E-AHF surrogate model. The
prediction accuracy of the E-AHF models was evaluated by R-squared
(R?) and relative error. The nondominated sorting genetic algorithm II
(NSGA-II) was applied for the multi-objective optimisation. Three elec-
trode parameters, i.e., porosity, electrolyte channel width, and catalyst
loading, and five operating conditions, i.e., cathode potential, feed gas
velocity, electrolyte concentration, electrolyte flow velocity, and inlet
mole fraction of CO,, were investigated and optimised for the trade-
off of three objective functions, i.e., product yield, CO, conversion and
reduced energy consumption. Finally, based on the optimal trade-off re-
sults, the TEA of the optimal process was performed. The simulation
approach developed in this work is also suitable in studying and opti-
mising other complex electrochemical processes beyond the GDE-based
eCO,RR process.

2. Methodology
2.1. Physics-based mechanistic model

A two-dimensional, multiphase, multi-physics, isothermal model of
the GDE-based microfluidic electrochemical CO, reduction process is
established in this work. As shown in Fig. 1, the model focuses on the
entire electrolyser, consisting of the electrolyte channel (ELEC), anode
catalyst layer (ACL) at the anode side, the gas chamber (GASC), gas dif-
fusion layer (GDL), and the cathode catalyst layer (CCL) at the cathode
side, and an alkaline exchange membrane (MEM) in between. In this
model, the GDL is treated to be a single-layer porous and hydropho-
bic medium (Nguyen and Dinh, 2020) and the CL is assumed to be a
porous substance containing numerous cylinder-shaped parallel chan-
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nels and the Cu, O granular catalyst particles (a mixture of Cu,0, CuO,
and Cu) are coated on the inner surface of the channels (Ma et al., 2016;
Yang et al., 2021b). The electrolyte (potassium hydroxide, KOH) and the
aqueous products flow through the ELEC. The mixed gas (CO, and N,)
is directly fed into the GASC and diffuses through the GDL into the CCL.
The CO, electrochemical reduction reactions occur inside the CCL, con-
verting CO, into various products (CO and formate). The geometrical
parameters in our model are listed in Table S1 in the supplementary
information (SI). The model takes into account the CO, mass trans-
port, species distributions and multiple competing reaction pathways.
The governing equations that describe these processes are presented in
the subsequent sections.

2.1.1. Charge transfer reactions
Two competing CO, electrochemical reduction reactions occurring
in the CL are shown as follows:

CO,(aq)+H,0 + 2¢~ «&» HCOO™+OH™ (€))
CO,(aq)+H,0 + 2e™ < CO +20H™ ?2)

Through reactions (1) and (2), CO, can be reduced to formate and
CO respectively. It is worth noting that besides the above reactions, an
undesirable hydrogen evolution reaction (HER) occurs in the CCL simul-
taneously. The HER in alkaline conditions is expressed as:

2H,0 + 2e~ < H,+20H" 3)

2.1.2. Transport of gaseous species

Gaseous species, including COy(g), Na, Hy and CO, are considered in
the GASC, the GDL and the CL. The mass conservation of gaseous species
is described by the following expression (Bongers and De Goey, 2003;
Weng et al., 2020):

VM,
V. (—pgDivmVa) P Dy —— >+v (pgugw;) = Ry, @
g
where i denotes the gaseous species, p, represents the mixture gas den-
sity, ; denotes the mass fraction of the gaseous species, M, is the av-
eraged molar weight of the gas mixture, D;,, is the diffusivity of each
gaseous species and u, is mixture gas velocity, and R;,, is the source
term of each species, which is zero in the GASC and GDL. The source
term in the CL can be found in Table S2 of the SI.

In the GASG, the diffusivity, D; ,,, is derived from the Maxwell-Stefan
equation and simplified by assuming that all other gaseous species have
the same velocities (Weng et al., 2018; Bongers and De Goey, 2003;
Channel Flow, 2003)

D 1-x; )
in = S
2kt Dix
where D, is the binary diffusivities for the species pairs present; x;
denotes the molar fraction of the gaseous species, k.
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Fig. 1. Schematic configuration of the GDE-based mi-
crofluidic CO, electrolyser.

Considering the porosity of the GDL and CL, D, , is corrected by the
Bruggeman equation (Weng et al., 2018).

1-x;
D,-e{,,f e (6
’ Ykt 1 g
"Dy,
where eef / is the effective porosity for gas, which is calculated in detail

in the SI. The D, p, used in this work can be found in Table S3 in the SL

The gas velocity, ug, is obtained by the conservation equations of
momentum and mass. The flow of gas mixture through the GASC is as-
sumed to be laminar and compressible (Ma < 0.3) (Wu et al., 2015).
The momentum balance can be described by Navier-Stokes equation as
follow.

pelity - Vg =V - [ PI + uy(Vu, + (Vup)) - ﬂg(v ug)I]+pgg o)

where P is the total gas pressure, y, is the dynamic viscosity of the gas
mixture, I is the identity tensor, and g is the gravitational acceleration.

In the GDL and CL, Darcy’s law is selected to describe momentum
balance of the laminar flow in the porous media (Serincan et al., 2009),
thus

kef f
Uy = ——=VP ®)
Heg
where k"f / is the effective permeability for gas in the porous medium.

The details of kf,,f g calculation is shown in the SI
Applying the continuity equation for incompressible flow on gas
species, the overall mass balance can be modelled by

V- (pgtty) = O, ©

where Q,, is the source term, which is zero in the GASC and the GDL. In
the CL, it is the sum of gaseous reaction rates (see Table S1 in the SI).

2.1.3. Transport of aqueous species
The mass conservation of aqueous species, j, is modelled by
Nernst—Plank equation (Zhang et al., 2014)

z;Fpw;D; VYV,

V. <_pIDj,mij - RgT

+p,a)ju1> =R;, (10)
where p; is the density of the liquid mixture, z; is the valence of the
ionic species, V/ is the voltage of the electrolyte phase, R, is the ideal
gas constant, T is the operating temperature; y; is the liquid velocity,
which is the ratio of volumetric flowrate to cross-section area of the
ELEC, and D; , is the diffusivity of the aqueous species through porous
media, which is also corrected by the Bruggeman equation.

2.1.4. Homogeneous reactions
In this work, we assume that the pH remains constant in the liquid
phase, equivalent to the initial value of the inlet solution, owing to the
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continuous supply of electrolyte. Only homogeneous reactions under the
alkaline condition are considered.

k a
COyq + OH™ = HCO; 11
_ _ ki 5
HCOj + OH™ = H,0 + CO? 12)

The reaction rates for COy,q), HCOJ, and CO%‘are expressed as

=-Mpyco,(Rya — Ryp);

Ry cosa9) = Mco, Rus (13)

Ry coyaq) = —Mco,Rua: Ry nco,

where M¢o,, Mpco,and M¢, are molecular weights for CO,, HCOS,
and CO%‘, respectively. Ry, and Ry are the reaction rates for
Eq. (11) and Eq. (12), and the calculation details can be found in the SI.

2.1.5. Gas-liquid mass transfer

In the CL, we only consider the gas-liquid mass transfer of CO, by
neglecting the solubility of CO and H, (Weng et al., 2019a). Water con-
densation/evaporation is also ignored at given operating temperature,
i.e., 60 °C (Xiang et al., 2019). The CO, gas-liquid mass transfer rate can
by calculated by

_ _ Pcoye)
Rp coyaq) = ~Rp.coye = 4K Mco,| 7 o Cco,(ag) (14)
CcOo,

where a is the gas-liquid interfacial area, K is the overall mass trans-
fer coefficient, He, is Henry’s constant for CO, dissolution in the elec-
trolyte, which is calculated taking into account the salting-out effect,
Pco, (g is the partial pressure of COy, which is calculated according
to Dalton’s law, and Cc, (4q) i the concentration of dissolved CO, in the
electrolyte. More details about the calculation of ay andHc, are given
in the SL

2.1.6. Electrode kinetics
The current densities of the reactions (1), (2) and (3), ig,, ig,, and
ig., are calculated by the Tafel kinetics (Weber and Newman, 2004)

C F

. _ _qref COy(aq) _ ﬂEa _ _yref

iEa = ~lopd o7 < —RidealT(Vs Vi= Vo kd) (15)
CO,(aq),Ea
C F

s _aref CO;(aq) _ ﬂEa _ _yref

lgp = la,Eb Cref exp< N ]T(I/Y VI I/eq,Eb) (16)
CO,(aq).Eb taea

. BeF

ig. = l;"éce p( - ¢ T(VS_VI_Ve’;fE"C) (17)

ideal
where széa ;ef; , and 1ref are the exchange current densities per catalyst

surface area at the reference condition corresponding to reactions (1)
to (3), ngz (a)Ea® Cg'ofz (a).E42TE the reference concentrations of COy(,q)
corresponding to reactions (1) and (2); fgq, frp, and fg. denote the sym-
metry factor corresponding to the formation of HCOO™~, CO, and H,, F
is the Faraday constant, V”’f Ve”fEb and V"f are the equilibrium po-
tentials for reactions (1) - (3) at the reference condltlon and operating
temperature, respectively. The local electronic and electrolyte potential,
V, and V; are derived by Ohm’s law coupled with charge conservation
(Wu et al., 2015). The specific calculation process can be found in the
SL

The electrochemical reaction rates for COy(,q), HCOO™, CO and H,

are expressed according to Faraday’s law:

Mco,a5(ig, +igp) Mycoobsiiga
Rpcoyap = ———F > Remcoo=- 2F ;
R = _Mcoaginy. __Mualie (18)
E.CO — 2F > E,Hy — 2F

where Moo, Mco, and My, are molecular weights for HCOO~, CO, and
H,, respectively. ag; is the specific solid-liquid interfacial area which can
be seen in the SIL.
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2.1.7. Boundary conditions

The gaseous species are modelled collectively in the GASC, GDL and
CCL. In this work, we assume that CO, can penetrate through the mem-
brane and reduced to formic acid inside the ACL, in addition to the
reduction to CO inside the CCL. Zero flux of gaseous species is set at the
ELEC/ACL interface. At the inlet of the GASC, the mixture gas composi-
tion and velocity are set to the initial values of the feed-in mixture gas
(Wu et al., 2015). At the outlet of the GASC, the outlet mixture gas is
at ambient pressure of 1 atm. The aqueous species are mainly modelled
in the ACL and ELEC, with the initial feed-in electrolyte concentration
at the ELEC inlet and zero flux at the GASC/GDL interface. The porous
media, i.e., GDL and CCL are assumed to be partially filled with elec-
trolyte with a pre-defined saturation level. Open boundaries are set for
the concentrations of gaseous and aqueous species at the GASC and ELEC
outlets, respectively. A constant applied cathode potential, V, gy, is ap-
plied on the GASC/GDL interface. The anode potential, V, gy, is calcu-
late separately by considering various losses (Baker, 1993; Buck, 1984;
Bjornbom, 1986). The difference of V, gyr and V, gyg is the practical
applied cell voltage, that is used for calculating the electrical energy
consumption.

2.1.8. Model-Based performance evaluation

The single-pass product yield (PY), CO, conversion (CR) and spe-
cific electrical energy consumption (SEEC) are chosen as the three per-
formance indicators of the GDE-based microfluidic electrochemical CO,
reduction process.

PY (kg s71), defined as mass of mixed product (CO and formate), is
calculated by the following expressions:

L
1, CL
agMpcoo elefo de [y Figgdxdy

PY, =- ;
HCOO F
Hye rlep -
PYo = aglMCOM/e[e/O ! /0 Ligydxdy (19)
co= F
PY = PYycoo + PYco (20)

where W,, and H,, are the width and height of the ELEC, L; is the
length of the CL. The detailed values can be found in Table S1 of the SI.

CR (%), defined as the mole ratio of product to feed CO,, indicating
the ratio of CO and formate with respect to the reactant CO,, is calcu-
lated by:

+
CR:MX”)()% @1
nco,
in which the amount of CO, formate and CO,, are calculated by the fol-
lowing expressions, respectively.

in
ugAgasc Ycoy(s)

PY, PYycoo )
0.0224(m3mol~")

co =7 3 MHcoo = i heo, = (22)

Mycoo

where Ag 4 ¢ is cross-sectional area of the GASC, which can be found in
the SI, y"C”O2 © is the mole fraction of CO, at the gas inlet (see Table 1).

Table 1
Ranges of design variables of the electrolyser.

Design variable Symbol(unit) Range

Cathode potential Ve rar (V) -1~-0.2

Feed gas velocity ug (ms™) 5x107% ~2x 1072
Electrolyte flow velocity u;, (ms™1) 1x10°~5x107°
Mole fraction of CO, yg’oz ® (%) 50 ~ 100
Electrolyte concentration coy (M) 0.01 ~0.5
Electrolyte channel width ~ H,,, (m) 0.02 ~ 0.08
Intrinsic porosity of GDL 6oL 0.2~0.8

Catalyst loading m, (kgm)  0.01 ~0.05
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Total costs Equipment costs + Operating costs
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Fig. 2. Definition of the costs covered within the
techno-economic assessment.

($/1) = (81 ($/t)
Electrode Electricity op};i:tliton Separation Feed gas
costs ($/t) costs ($/t) costs ($/0) costs ($/t) costs($/t)

SEEC (kWh kg~!), defined as the electric energy consumption for
producing unit mass of the mixed product, is calculated by

FV, FV,
SEEC = 0 + i 23)
MycooFEncoo McoFEco
where V,,, represents the applied cell voltage, which is the difference

between the anode and cathode voltages, FEy-oo and FEqq are the Fara-
day efficiencies of formate and CO production, which are the important
indicators representing the electrochemical selectivity. The detailed cal-
culations can be found in the SI.

2.1.9. Techno-economic analysis

In this work, the techno-economic analysis (TEA) mainly concen-
trates on a total plant-gate levelised cost of production in units of $ per
tonne (1000 kg) of products, including CO and formate. Fig. 2 shows
the definition of the costs covered within the TEA. The costs are broadly
divided into two categories, including equipment and operating costs,
respectively. The equipment cost only refers to the cost of the electrodes
without considering the cost of other infrastructure. The operating cost
includes electricity, plant operation, product separation and feed gas
costs. Concentrated CO, with market price is used as the reactant. Re-
newable or clean energy (photovoltaic power) is selected as the electric-
ity source. The specific calculation equations, parameters and assump-
tions involved can be seen in the SI. The lifetime of the plant is assumed
to be 30 years, which is the average lifetime of current chemical plants
(Palmer et al., 2018).

2.2. Data-driven machine learning surrogate models

A hybrid data-driven machine learning algorithm, extended adap-
tive hybrid functions (E-AHF), is selected to conduct the multi-variable
and multi-objective optimisation of the GDE-based electrochemical CO,
reduction process. The E-AHF algorithm can fully use five different in-
dividual surrogate models by automatically placing weight factors in a
pointwise way. The implemented surrogate models include support vec-
tor regression (SVR), Kriging (KRG), polynomial response surface (PRS),
radial basis function (RBF) and moving least squares (MLS). Fig. 3 briefly
shows the calculation process of the E-AHF surrogate model.

In part 1, there are three steps for the generation of datasets (by the
physics-based model) used for training and testing the surrogate model.
Firstly, a design of experiments (DoE) method, namely Latin hypercube
sampling (OLHS), is selected for obtaining different datapoints, which
are used as the initial values of the input variables of the multi-physics

// g Part 1 Generation of dataset \,
[

/ /Part 2 Selection of individual\a
[ models

model to calculate the corresponding output values. Part 2 is the selec-
tion of individual model with the best prediction performance, charac-
terised by the normalised error (EN;) (detailed expressions can be seen
in the SI). A threshold value g within the range of [0,1] is defined for
selection of the individual surrogate models. When the value of EN; is
smaller than g, the corresponding individual surrogate model is selected
as a candidate surrogate model for the next part. Part 3 is to calculate
the adaptive weight factors (w) for the hybrid model consisting of the
surrogate models selected in part 2. The three steps in this part are local
measure estimation, probability estimation, and local weight determi-
nation. More specific details and expressions about part 3 can be found
in the SI. After this process, the weight factors of different individual
surrogate models and the weighted combination for all datapoints are
determined for the lowest prediction error.

The predicted response (§) by the E-AHF model can be calculated by
the following equation.

m
I = Y 0, (05K (24)
i=1
wherej(x)is the predicted response by the hybrid model at the input
vector x, §;(x) is the predicted response by the ith individual surrogate
model at the input vector x; m is the number of surrogate models in the
hybrid surrogate; w;(x) is the weight factor of the ith individual surrogate
model at point x.
Three E-AHF models are developed for predicting the single-pass
product yield (PY), conversion ratio (CR) and specific electrical energy
consumption (SEEC), respectively.

2.3. Sobol’s global sensitivity analysis

In contrast to local sensitivity, global sensitivity assesses the overall
impact of a specific design variable on a system. Consequently, global
sensitivity analysis (GSA) serves to enhance our comprehension of the
relationships between design variables and objectives, as well as to cat-
egorise the influence of each individual variable. This, in turn, aids re-
searchers in concentrating their efforts on the design variables that exert
a more significant influence. Sobol’s GSA, a variance-based Monte Carlo
method, enables the calculation of sensitivity indices for individual pa-
rameters and the evaluation of interactions amongst these parameters
by examining the ratio of each sensitivity index to the corresponding to-
tal sensitivity index. An in-depth explanation of the expressions utilised
in Sobol’s GSA could be found elsewhere (Xing et al., 2013).

//Part?: Calculation of adaptive\\
weight factors

I (S1) Design of experiments |

(S1) Calculation of normalized
LOOCYV error (EN;)

I (S1) Local measure estimation |

[ (S2) Input multi-physics model | ~>

| (S3) Output dataset |

(S3) Selected

=

| (S2) Probability estimation |

= | (S3) Local weight determination |

Fig. 3. Calculation flow chart of E-AHF surrogate model.
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2.4. Multi-variable and multi-objective optimisation

After successfully creating a reliable E-AHF surrogate model that
accurately capture the relationships between multiple design variables
and objective functions, a non-dominated sorting genetic algorithm II
(NSGA-II) (Deb et al., 2002; Sumida et al., 1990), an updating version
of genetic algorithm (GA), was adopted to search for the Pareto front of
multiple objective functions and conduct the multi-objective optimisa-
tion. NSGA-II is a posteriori approach, which is used for multi-objective
optimisation problems, where the goal is to find a set of solutions that
optimise multiple conflicting objectives simultaneously. NSGA-II does
not require prior knowledge of the Pareto front (the set of optimal solu-
tions), and it iteratively evolves a population of candidate solutions to
discover a diverse set of non-dominated (Pareto-optimal) solutions. The
suitability for parallel computation and for larger solution spaces makes
NSGA-II more suitable for multi-objective optimisation than other op-
timisation algorithms (simulated annealing and Bayesian optimisation)
(Zhao et al., 2016; Putra et al., 2019).

The objective of the multi-optimisation is to identify the optimal
trade-off solutions of PY, CR and SEEC, which strike a balance between
the three objectives by maximising PY and CR while minimising SEEC.
Eight design variables are optimised, including three electrode param-
eters and five operational conditions. The ranges of these eight design
variables are shown in Table 1.

2.5. Numerical solution method

Commercial software COMSOL Multiphysics 5.6 is used to solve the
fully coupled governing equations of the multi-physics models based
on the finite element method (FEM). The spatial distribution of depen-
dant variables over the 2D geometry are obtained through solution of
the corresponding partial differential equations (PDEs) using the built-
in modules. The MUMPS stationary solver is chosen with default pa-
rameter settings and computational tolerance was set to be physics-
controlled with a relative tolerance of 0.01. An online tool DADOS
(http://app.dados.com.cn) is applied to perform the E-AHF surrogate
modelling. The multi-variable and multi-objective optimisation are im-
plemented by NSGA- II in Matlab. A laptop equipped with Intel® i9
processor @2.40 GHz and 64 GB RAM is used for modelling and simula-
tion. The required computational time to solve the physics-based model
is about 5 min each case, depending on the values of design variables.
On contrary, it only requires less than 1 min to train the E-AHF model
using 100 data samples and obtain the optimal design variables and ob-
jective functions when NSGA-II is implemented.

3. Results and discussion
3.1. Validation of the physics-based model

The cathode GDE utilised in this study was fabricated by applying
a solution of Cu,O catalyst ink (Sigma-Aldrich) and Nafion® ionomer
(5%, DuPont) onto a hydrophobic carbon paper (H2315 12, Freuden-
berg). The process for preparing the Cu,O electrode catalyst ink was as
follows: 15 mg of Cu,O nanoparticles and 33 pL of Nafion were mixed
in 200 mL of isopropanol, and this mixture was subjected to ultrasonic
dispersion for 60 min to achieve a homogeneous solution. The amount
of catalyst applied was meticulously controlled by weighing it both be-
fore the ink was sprayed and after it had dried in the oven to ensure it
met the requirement of 1 mg cm~2. The electrolyser consists of a 1 x 1
cm? cathode GDE and a nickel foam anode, which served as both a gas
diffusion layer and a catalyst for the oxygen evolution reaction. An an-
ion exchange membrane (AEM) was used, along with serpentine-shaped
cathode and anode flow plates to facilitate the delivery of reactants. Tita-
nium flow field plates were machined with serpentine channels measur-
ing 1 mm in width and 1 mm in depth, with a channel length of 10 mm.
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Fig. 4. Experiment validation of the physics-based model for the GDE-based
microfluidic eCO,RR process: (a) current density, (b) Faraday efficiency.

These flow plates were positioned around the Membrane Electrode As-
sembly (MEA) and played a role in directing reactants and products to
and from the reaction interface. The MEAs themselves consisted of a
silver-coated cathode GDE, an AEM and nickel foam anode measuring
1 x1,3x3and 2 x 2 cm?, respectively. The cathode GDE was posi-
tioned within a square window of the same area on the gasket, which
was securely attached to the bipolar plates and the grooved flow field.

The cathode received a supply of humidified CO, gas at a rate of 100
standard cubic centimeters per minute (SCCM) through a flow control
system consisting of a flow controller (Sevenstar D07-19) and a water
bath. In contrast, the anode was supplied with recirculated 1 M KOH at
a flow rate of 20 ml per minute. All electrochemical experiments were
conducted using an electrochemical workstation (PMC—CHS08A). The
potentiostatic test involved applying current densities up to 200 mA
cm™2. The performance characterisation of CO, electrolysis was carried
out after achieving stable operation for 25 min at standard temperature
and pressure. Gas chromatography (Agilent 8890) was used to measure
the mole fraction of the products present in the gaseous output.

The reliability and accuracy of the physics-based mechanistic model
are validated by experimental data before the mechanistic model is used
to generate data for surrogate model training. As shown in Fig. 4, the
effect of cathodic potential, with respect to different electrolyte con-
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centrations, on current density and Faraday efficiency (FE) of different
products, i.e., CO, HCOO and H,, are presented. More details of the
experiment could be found elsewhere (Yang et al., 2021b). The results
indicate that the mechanistic model yields precise predictions at low
potential magnitudes, i.e., 0.6 V, and low electrolyte concentrations,
i.e., 0.0.5 M. However, above 0.5 M and 0.6 V, the disparity between
the experimental data and the modelling results gradually amplifies as
the electrolyte concentration and cathode potential magnitude increase,
owing to the elevated electrochemical reaction and the associated more
complex mass transport. Therefore, in our work, the range of electrolyte
concentration is set to 0.01-0.5 M (Table 1), within which the model ex-
hibits an acceptable degree of prediction accuracy and reliability.

3.2. Evaluation and analysis of E-AHF models

After the mechanistic model validation, 100 data points generated by
OLHS are used to evaluate the E-AHF models, in which 80% and 20% of
the data (see Table S4 in the SI) are used for surrogate model training
and testing, respectively. As shown in Table 2, the calculated R? for all
three objective functions, i.e., PY, CR and SEEC, are higher than 0.96,
indicating the good prediction accuracy of the E-AHF surrogate models.
In this context, 100 data samples were selected since adding more data
samples beyond this point only results in marginal improvement in pre-
diction accuracy (see Table S6 in the SI). Fig. 5 shows the correlations
of the actual (mechanistic model output) and predicted (E-AHF surro-
gate model output) values for the three objective functions (PY, CR and
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Key parameters setting and calculated R? of E-AHF models.

Objective functions

Threshold value (8)

R-squared (R?)

PY 0.5 0.9640
CR 0.5 0.9862
SEEC 0.5 0.9781

SEEC), demonstrating the good consistency for all three objectives. The
relative errors of all three objective functions (Fig. 5d) are below 15%
and 95% of the relative errors are in the range 0 — 5% for the predic-
tions of PY and SEEC. These results indicate that the E-AHF model is a
satisfactory surrogate model for the prediction of PY, CR and SEEC for
the GDE-based eCO,RR process within the study ranges.

3.3. Sensitivity analysis of E-AHF models

Prior to multi-variable and multi-objective optimisation, sensitivity
analysis is conducted to understand the significance of different design
variables on objective functions. Fig. 6 shows the results of the Sobol
global (ST) sensitivity analysis of the eight design variables with re-
spect to the three objective functions, i.e., PY, CR and SEEC. It can
be identified from the figure that the electrolyte concentration (cg'H
is the design variable with the most significant influence on PY and
CR, and its effect on SEEC is only less significant than that of the cath-
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Fig. 5. E-AHF model analysis: actual and predicted values correlation of (a) product yield (PY), (b) conversion ratio (CR) and (c) specific electrical energy consumption

(SEEQ); (d) relative error distribution of PY, CR and SEEC prediction.
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ode potential V, gy, which has the greatest impact on SEEC. The rel-
atively long orange column of V, gy also shows the remarkable influ-
ence of cathode potential on PY. Apart from the variables that signifi-
cantly affect at least two objective functions, some variables have no-
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ticeable influence on only one objective, e.g., u; and &g;p; influence
only PY to any great extent with a relatively low sensitivity for CR
and SEEC.

3.4. Multi-variable and multi-objective optimisation

The three objective functions, i.e., PY, CR and SEEC, are interde-
pendent and affect each other in practical operation. The purpose of
multi-objective optimisation for this process is to identify the trade-
off solutions that strike a balance between PY, CR and SEEC. The op-
timal solutions prioritise larger PY and CR while simultaneously aim-
ing for smaller SEEC. For this purpose, NSGA-II is chosen to implement
the triple-objective optimisation, in which the key parameters include
the population size, number of generations, crossover distribution in-
dex, mutation distribution index, tournament size (Table S5 in the SI).
Fig. 7 shows the optimal Pareto set obtained from the optimisation over
the data points. Depending on the various requirements of PY, CR and
SEEC, we can choose different points as the final optimal trade-off solu-
tions. The green symbol point in Fig. 7 is the optimal trade-off solution
which is identified using equal weights (i.e., 1/3) for the three objec-
tives of PY, CR and SEEC. The curves in Fig. 7(b)-(d) are the trade-off
solutions of dual parameters, i.e., PY-CR, PY-SEEC and CR-SEEC, respec-
tively. The upper limit of the ranges of the design variables in Table 1 are
chosen as the base case condition. The values of design variables in base
case and optimal conditions, as well as the corresponding obtained ob-
jectives are listed in Table 3.
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Fig. 7. Results for the multi-objective optimisation of the GDE-based eCO,RR electrolyser by NSGA-IL.
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Table 3
Multi-optimisation results and the corresponding optimal design
variables.
Parameter Base case Trade-off case
Cathode potential V, gzp (V) —-0.20 —-0.24
Feed gas velocity u, (m s™) 2x 1072 9.3x1073
Electrolyte flow velocity y; (m s™1) 5.00x10"°  4.55x107°
Mole fraction of inlet CO, y¢, ® (%) 100 50.01
Electrolyte concentration cj,, [ 0.5 0.01
Electrolyte channel width H,, (m) 0.08 0.0698
Intrinsic porosity of GDL e, 0.80 0.56
Catalyst loading m.,, (kg m~2) 0.05 0.013
PY (kg s™1) 1.36x107° 3.25x107°
CR (%) 0.0693 0.6626
SEEC (kWh kg™1) 15.6299 9.9498

It can be seen in Fig. 7 that both CR and SEEC decreases as PY in-
creases, implying that CR and SEEC exhibits similar changing trends
in all optimal sets. The improved CR leads to an increase in SEEC,
indicating that the higher conversion is at the cost of higher energy
consumption. The specific value of final optimal trade-off case can
be seen in Table 3, in which the single-pass PY, CR and SEEC are
3.25x107° kg s1, 0.6626% and 9.9498 kWh kg~!, respectively. After
the multi-optimisation process, notable improvements are observed in
three objective functions of the GDE-based microfluidic eCO,RR pro-
cess, as compared to the results before optimisation. Specifically, the
SEEC value is reduced by nearly 50%, from 15.63 to 9.95 kWh kg~!.
Additionally, the value of PY and CR are more than doubled compared
to the base case before optimisation.

By analysing the design variables of the trade-off case, the larger
cathode potential (V, gpg) and electrolyte flow velocity () tend to re-
sult in better optimal results. In the trade-off case, the values of V, gyp
and u; are —0.24 V and 4.55 x 107> m s~1, respectively, which are
both near to the largest value of in the study range. But it is worth
noting that too large V. gy may impact the wetting characteristics of
the hydrophobic GDL, which will eventually limit the performance of
the GDE-based eCO,RR electrolyser. The results are consistent with the
work of Yang et al. (2021a). In contrast, the values of mole fraction of
CO, (y"c”o2 (g)) and electrolyte concentration (cio”H) are 50% and 0.01 M,
which are both very close to the lower boundaries of study range, in-
dicating that the small value of y[C"O2 (o and clr, may be beneficial. Al-
though higher yicﬂoz @ improves the rate of reactions (1) and (2), but the
effect is relatively small in our study range (50%—-100%). CO, will not
be fully used if its concentration at the inlet is too high, which will re-
duce the CR of CO, and increase the SEEC, e.g., the trade-off CR is ten
times lower than that in the base case. Moreover, CO2 could directly
react with OH- in addition to the electrochemical reactions (1) and (2).
At high KOH concentrations, the CO, buffering reaction is accelerated
by concentrated OH-, that lowers the chances of CO, participating in
electrochemical conversion reactions, leading to the drop of CR. There
is the other reason beyond the mechanistic model in our work, that is
the notable C, products (i.e., ethyl alcohol and ethylene) generated at
higher cg’H (Xiang et al., 2019), although the C, products are not in-
cluded in the model. This process will consume the feed CO, gas and

Table 4
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Fig. 8. Composition of total costs in GDE-based electrochemical CO, reduction
process.

further affect the PY and CR values. Moreover, the higher concentration
of OH reduces the rate of reactions (1) and (2).

3.4. Techno-economics of the GDE-based eCO,RR process

Some cost-related assumptions are made according to De Luna
etal. (2019), e.g., the price of pure CO, is assumed as $30 per ton. More
details of the costs calculation could be found in the SI. Table 4 shows the
production cost and CO, emissions of the GDE-based eCO,RR process
based on the trade-off solution obtained from multi-objective optimisa-
tion and the comparison with other chemical production technologies,
e.g., CO,, utilisation plant and fossil-based processes. The CO, emissions
related to CO/formate production are very different from the various
technologies; fossil fuel-derived technology would produce additional
CO, but the eCO,RR route is one of the negative emissions technologies
(NET). The production cost for CO and formate for the eCO,RR pro-
cess is about 378 $ t~1 product, which is much lower than the cost of
a CO, utilisation plant (835 $ t~! product) but higher than that of con-
ventional fossil fuel-derived technology at 315 $ t~! product. However,
conventional CO/formate production by fossil fuel-derived technology
has substantial CO, emissions associated with the fossil fuel feedstocks
(>1 tCO, t~!product). Fig. 8 shows the composition of total costs for the
GDE-based eCO,RR process. The feed gas cost is lowest with the value
of 5.77 $ t~1 because most feed gas can be recycled from the outlet gas.
The dominant contribution to the overall cost is electricity (80%) with
a value of 318.39 $ t~1. Hence, a lower electricity price will generate
a significant reduction in total production cost; such savings might be
achievable with the further development of renewable or clean energy
technologies. Thus, despite its higher costs of production, the GDE-based
electrochemical carbon dioxide reduction associated with renewable or

Comparison of production cost and carbon emissions across various technology processes.

Technology Production cost ($ t~! product) CO, emissions (tCO, t!product)
Electrochemical 378 <0

CO, utilisation plant*[34] 835 0-0.25

Fossil fuel-derived** [33] 315 >1

* CO, utilisation plant: CO, transformation process into another product with commercial value.
** Fossil fuel-derived technologies: (i) conventional CO synthesis (ii) methyl formate hydrolysis.
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clean energy supplies offers a negative emission route to the production
of core pre-cursor chemicals, CO and formate.

4. Conclusions

A multi-variable and multi-objective optimisation of a GDE-based
microfluidic electrochemical CO, reduction process was conducted. A
two-dimensional multi-physics model was first developed and experi-
mentally validated, which is then used to build a database to train the
surrogate model based on the extended adaptive hybrid functions (E-
AHF). The effects of eight design variable, including three electrode pa-
rameters and five operational conditions on three objective functions,
i.e., the single-pass product yield (PY), CO, conversion (CR) and spe-
cific electrical energy consumption (SEEC) were studied. NSGA-II was
implemented to search for the trade-off solutions of the maximum PY
and CR and the minimum SEEC. The cost of the eCO,RR process in the
trade-off condition was also conducted. The main findings of this work
is presented as follow:

1. E-AHF surrogate models demonstrated their accuracy in replacing
the physics-based model for rapid prediction of the performance (PY,
CR and SEEC). The R? for the three objective functions are all higher
than 0.96, and the prediction relative errors are lower than 15% for
CR and lower than 5% for PY and SEEC.

2. The electrolyte concentration is the most sensitive variable for PY
and CR and the cathode potential has the most significant impact on
SEEC.

3. After optimisation, the performance of the eCO,RR system is signif-
icantly improved, e.g., the SEEC is reduced by nearly half and PY
and CR are nearly doubled. The trade-off of the three objective func-
tions is obtained, in which the corresponding optimal single-pass PY,
CR and SEEC are 3.25x107° kg s~!, 0.663% and 9.9498 kWh kg~!
based on flow channels with 1 cm in length, respectively. The corre-
sponding optimal catalyst loading, GDL porosity, electrolyte channel
width are 0.013 kg m~2, 0.56 and 0.0698 m, respectively. The op-
timal cathode potential, reactant gas velocity, electrolyte velocity,
inlet CO, mole fraction and electrolyte concentration are —0.24 V,
9.30x1073 m s71, 4.55x1075 m s~1, 50.01% and 0.01 M, respec-
tively.

4. The net production cost in the trade-off scenario is about 378 $ t~1,
lower than a traditional CO, utilisation plant, with 80% of the cost
attributed to electricity usage. Thus, a crucial factor in enhancing
the economic efficiency of the GDE-based eCO,RR process lies in
acquiring cleaner and more affordable sources of renewable energy.
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