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ABSTRACT: The prediction of the steady-state performance of the electrolysis cell is not only crucial for evaluating the
rationality of its design and operational benchmarks, but also provides an important foundation for understanding its
dynamic response behavior. This paper presents an efficient data-driven method based on three-dimensional two-phase
numerical simulation and machine learning (ML) to rapidly predict the steady-state performance of proton exchange
membrane electrolysis cells (PEMEC) under multi-physics field coupling conditions. The framework is based on three
key operating parameters—temperature, pressure, and inlet flow velocity. A polarization curve dataset was constructed
through multi-condition numerical simulations, and surrogate models were systematically trained using five distinct
ML algorithms: random forest (RF), extreme gradient boosting (XGBoost), support vector regression (SVR), gaussian
process regression (GPR), and fully connected neural network (FCNN). The results show that the constructed surrogate
models can efficiently output complete polarization curves using only operating parameters as inputs. Validation
against experimental results confirms that the FCNN performs the best overall prediction performance, achieving high
accuracy with prediction errors consistently within ±0.5% of the actual values across the interpolation temperature
range, and demonstrating adaptability in extrapolation under varying temperatures. This ML collaborative method is
applicable to the rapid performance assessment and analysis of PEMEC and provides valuable insights for operation
optimization under extreme conditions.
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1 Introduction
Hydrogen energy is widely regarded as one of the key directions for achieving the clean energy transition

due to its high energy density and environmental friendliness [1,2]. At present, the supply of hydrogen energy
in the market is still dominated by grey hydrogen produced from fossil fuels. The production process is
accompanied by a large amount of carbon dioxide, which cannot fundamentally alleviate the pressure of
carbon emissions. In contrast, green hydrogen produced via water electrolysis powered by renewable energy
sources such as wind and photovoltaic energy generates almost no carbon emissions over its entire life
cycle. Moreover, with its high purity and multiple application scenarios, this approach is gradually becoming
an ideal route for developing clean hydrogen energy [3,4]. Common water electrolysis technologies for
hydrogen production include alkaline water electrolysis (AWE), solid oxide electrolysis (SOE) and proton
exchange membrane water electrolysis (PEMWE). The advantages and disadvantages of these three water
electrolysis technologies are summarized in Table 1.
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Table 1: Comparison of water electrolysis technologies.

Water
Electrolysis
Technology

AWE SOE PEMWE

Principle

In an alkaline electrolyte,
current is conducted

through the migration of
OH− between the

electrodes, thereby
achieving the

decomposition of water.

At high temperatures, the
solid oxide electrolyte is
utilized to conduct O2−,

thereby achieving efficient
electrolysis of water vapor.

Using proton exchange
membranes as the

solid-state electrolyte, it
conducts H+ and
achieves efficient

electrolysis in pure water.

Advantages

Mature technology, high
degree of

commercialization, low
cost, long life.

High theoretical efficiency,
available heat energy, low

power consumption.

High current density,
high hydrogen purity, fast
response speed, wide load

range, and adaptability
for dynamic operation.

Disadvantages

Low current density,
limited overall efficiency,

and sluggish dynamic
response.

Limited by high
temperature working

conditions, high material
durability requirements,

complex system, slow start.

Relying on precious
metal catalyst, high cost,

high water quality
requirements.

Reference [5,6] [7,8] [9,10]

However, the large-scale industrial application of current proton exchange membrane electrolysis cell
(PEMEC) is severely challenged by its long-term performance degradation and limited service life, arising
from the complex coupling of electrical, thermal, and mechanical stresses in a multi-physics environ-
ment [11]. Specifically, under high current density and transient overvoltage conditions, the gas production
rate at the anode increases sharply, and a large number of bubbles accumulate and clog, which can easily lead
to localized heat and mass transfer performance deterioration and uneven current distribution. This causes
localized overheating and significant temperature gradients, which results in irreversible damage to key
components, including the catalyst layer (CL), gas diffusion layer (GDL), and proton exchange membrane
(PEM). More critically, to adapt to the intermittency of renewable energy sources like wind and solar
power, electrolysis cells often have to operate over wide load ranges under dynamic conditions. The frequent
startup-shutdown cycles and load fluctuations impose continuous mechanical and electrochemical stresses,
further accelerating the degradation process and severely limiting the long-term economic viability and
reliability of the system [12]. Therefore, establishing standard-condition polarization curves as benchmarks
and comparing them with operational data is essential for diagnosing cell health and identifying degradation
mechanisms [13]. Furthermore, precise modeling and prediction of PEMEC performance under variable
operating conditions provide a foundation for adaptive control strategies and operational optimization,
thereby enhancing system performance and long-term reliability [14].

To reveal the complex processes involving multi-physics coupling, predict polarization curves, and ana-
lyze performance evolution under varying conditions, computational fluid dynamics (CFD) based numerical
simulation has emerged as a widely adopted tool. The CFD method can simulate the coupled the cross-scale



Energy Eng. 2026;123(9):9 3

and nonlinear interactions between two-phase flow, heat and mass transfer, and electrochemical reactions
within the internal structure of the PEMEC, thereby systematically establishing the relationship between
its internal physical state and macroscopic performance [15]. For instance, Wang et al. [16] numerically
investigated the water distribution and temperature fields by coupling the Butler-Volmer equation with
liquid water saturation and temperature variables; Wu et al. [17] established a three-dimensional (3D)
multiphase full-cell model using the volume of fluid (VOF) method, incorporating gas–liquid two-phase
flow in the flow channels, and systematically investigated the effects of key parameters and structural
features through numerical simulations. Zhou et al. [18] systematically investigated the effects of various
parameters on heat and mass transfer performance and electrolysis efficiency based on a 3D two-phase
model; while Jiang et al. [19] precisely captured the spatial distribution of temperature, gas fraction, and
current density, and clarified the mechanism of the impact of two-phase flow on the overall performance
by coupling electrochemical and heat and mass transfer models. Additionally, Su et al. [20] numerically
compared a novel mesh-like anode channel with a traditional straight-through design and demonstrated its
superior performance in promoting oxygen removal and improving current density uniformity. These studies
have effectively assessed the physical and chemical processes within the electrolysis cell using numerical
simulation methods, providing important support in revealing mechanisms and predicting performance
compared to time-consuming and labor-intensive pure experimental methods.

However, the high-density meshing and strongly nonlinear governing equations in CFD multi-physics
models often lead to excessive computational costs during multi-parameter optimization and multi-
condition comparisons. To address this issue, data-driven ML methods have been adopted in PEMEC studies
for rapid modeling and performance prediction, leveraging their strength in handling large-scale, complex
datasets [21]. In terms of parameter analysis and mechanism interpretation, existing studies have conducted
systematic exploration through data integration and multiple algorithms. Günay et al. [22] integrated data
from multiple literatures and adopted methods such as box-plot analysis, principal component analysis,
and classification and regression tree to systematically evaluate the influence of multiple parameters on the
performance of electrolysis cells. Ding et al. [23] established a database from membrane electrode assembly
(MEA) data, employing 9 mainstream ML algorithms to predict the current density and decay rate at
a specific voltage, and complemented by a model interpretability analysis using partial dependence plot
(PDP) and shapley additive explanations (SHAP). In terms of predictive modeling and optimization, deep
learning, with its multi-layer neural network structure, is particularly suitable for fitting complex implicit
mapping relationships between inputs and outputs [24]. Siddiqa et al. [25] combined CFD simulation with
ML surrogate models to conduct high-precision prediction and parameter correlation analysis of PEMEC
performance. Wang et al. [26] utilized the backpropagation neural network and the non-dominated sorting
genetic algorithm (NSGA-II) to achieve multi-objective prediction and optimization of PEMEC perfor-
mance, thereby synergistically enhancing temperature safety, electrochemical reaction rate, and hydrogen
evolution. Timurkutluk et al. [27] applied artificial neural networks to the design of the microstructure of
solid oxide fuel cell electrodes, with a focus on studying the influence of particle size on the density of the
active triple-phase boundary. Their method generated 3D electrode microstructures using the Dream.3D
software and utilized artificial neural networks for efficient prediction, significantly improving the design
accuracy and efficiency. Overall, compared with traditional experimental and simulation methods, ML has
significantly accelerated the parameter research and structural optimization design process of PEMEC.

Despite this, current research still has two main limitations: On the one hand, most studies focus on
static performance prediction at specific operating points, lacking the investigation of a wide range relation-
ship between working voltage and current density, resulting in insufficient research on the prediction of the
complete polarization curve of electrolysis cells based on operating conditions or structural parameters; On
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the other hand, in the model evaluation system, most existing studies focus on the extrapolation accuracy of
the model within the training range, while often neglecting its extrapolation ability under broader or unseen
operating conditions. However, the latter is crucial for practical engineering applications.

To address the above issues, this study proposes a data-driven method that integrates numerical
simulation and ML, aiming to achieve efficiency and high-precision prediction of the performance of elec-
trolysis cells under different working conditions. Specifically, the main innovations of this study include the
following aspects. A mapping strategy from operating parameters to a complete current density sequence was
proposed, which can directly predict the entire polarization curve rather than individual operating points.
A systematic comparison was conducted on five machine learning algorithms with different principles, and
their interpolation and extrapolation capabilities were comprehensively evaluated. The constructed alterna-
tive model only requires the input of three operating parameters (temperature, pressure, and inlet velocity),
and can generate a complete polarization curve with high accuracy within seconds, significantly improving
the prediction efficiency. The data-driven method developed here demonstrates excellent feasibility in this
specific PEMEC configuration. As a proof-of-concept study, this method framework has the potential for
further expansion and migration in the future, and is of reference value for performance prediction and
design optimization of specific structure electrolysis cells. Fig. 1 summarizes the overall process of this study.

Figure 1: Flowchart of the research process.

2 Physical Model and Numerical Simulation

2.1 Physical Model
Fig. 2a,b shows the overall 3D view and XZ cross-sectional view of PEMEC. The entire structure of the

PEMEC is centrally symmetrical, with the PEM located at the center and the anode and cathode on both
sides, respectively. From the center outward, the layers are the CL, GDL, CH, and the bipolar plate (BP)
on both the anode and cathode, respectively. During the operation of the PEMEC, water molecules exist
in liquid form. Water enters the PEMEC through the plates on the anode side, and then passes through
the GDL to reach the anode catalyst layer, where water molecules undergo an oxygen evolution reaction
(OER), losing electrons and being oxidized, thereby generating protons, electrons and oxygen (O2). O2 and
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unreacted water are discharged from the anode flow channel, while protons pass through the PEM to reach
the cathode catalyst layer. In the cathode catalyst layer, protons undergo hydrogen evolution reaction (HER),
thereby generating hydrogen (H2). The movement direction of H2 is similar to that of O2. Both gases move
from the catalyst layer to the flow channel and are discharged through the cathode flow channel. The OER
and HER are respectively described by the following equations.

H2O→ 2H+ + 1
2

O2 + 2e− (1)

2H+ + 2e− → H2 (2)

Figure 2: (a) PEMEC single channel (b) X-Z cross-section (c) boundary surface.

In practical applications, a PEMEC stack is composed of many parallel single channels. However,
considering that its overall channels are arranged periodically and in order to reduce computational costs and
achieve higher computational efficiency and cost-effectiveness, the numerical simulation adopts a simplified
model of a single flow channel [26]. The fluid flows in from one side of the anode channel, while carrying
the O2 produced by the reaction flows out from the other side. Table 2 shows the geometric parameters of
the single-channel PEMEC model.

Table 2: Geometric parameters of PEMEC.

Computational Domain Parameters Value (mm)
Flow channel LCH, WCH, HCH 30, 0.75, 1.0
Channel rib LRib, WRib, HRib 30, 0.75, 1.5

Gas diffusion layer LGDL, WGDL, HGDL 30, 1.5, 0.4
Catalyst layer LCL, WCL, HCL 30, 1.5, 0.02

Proton exchange membrane LPEM, WPEM, HPEM 30, 1.5, 0.178

2.2 Numerical Model
2.2.1 Simulation Assumptions

The PEMEC model couples electrochemical reactions, multiphase flow, and heat and mass transfer to
simulate the actual operation of the electrolysis cell. The numerical model is established under steady-state
conditions and is based on the following key assumptions [28–30]:
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(1) Reactant water and gas are treated as ideal compressible flowing fluids;
(2) The flow operates at low Reynolds numbers and is laminar;
(3) The effects of gravity, contact thermal resistance and contact resistance are negligible;
(4) The materials of catalyst layer and gas diffusion layer are homogeneous and isotropic porous media;
(5) The permeation of H2 and O2 across the membrane is ignored;
(6) The water remains in the liquid phase without phase change.

2.2.2 Governing Equations
(1) Mass transport equation

The continuity equation of liquid water in CL, GDL and CH of cathode and anode is given by the
following formula:

∇(ρl ul) = Sl (3)

where ρl is the density of liquid water (kg/m3), ul is the velocity vector of liquid water (m/s), and Sl is the
source term of liquid water participating in the chemical reaction (kg/(m3⋅s)).

The Brinkman equation extended on the basis of Darcy’s law is particularly suitable for simulating
fluid flow in porous media. The momentum conservation equation at the core is given by the following
formula [13,28]:

ρl

εp
(u l ⋅ ∇)

u l

εp
= ∇ ⋅ [−pl I +Kl ] −

⎛
⎝

μl κ−1 + Sl

(εp)
2
⎞
⎠

u l (4)

where εp is the porosity of the porous medium, κ is the permeability of the porous medium (m2), μl is the
liquid water dynamic viscosity (kg/(m⋅s)), and pl is the liquid phase pressure (Pa).

K introduces the viscous shear stress of fluid, which is obtained from the following formula:

Kl = ∇ ⋅ [
u l

εp
(∇u l + (∇u l)T − 2

3
(∇ ⋅ u l) I)] (5)

The corresponding gas continuity equation, momentum equation and viscous shear stress of gas are
given as follows:

∇(ρgug) = Sg (6)

ρl

εp
(ug ⋅ ∇)

ug

εp
= ∇ ⋅ [−pg I +Kg] −

⎛
⎝

μgκ−1 +
Sg

(εp)
2
⎞
⎠

ug (7)

Kg = ∇ ⋅ [
ug

εp
(∇ug + (∇ug)

T − 2
3
(∇ ⋅ ug) I)] (8)

where ρg is the gas density (kg/m3), ug is the gas velocity vector (m/s), Sg is the gas source term produced
by chemical reaction (kg/(m3⋅s)), μg is the gas dynamic viscosity (kg/(m⋅s)), and pg is the gas phase
pressure (Pa).
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In porous media of GDL and Cl, capillary pressure is an indispensable driving force for fluid flow, and
it is also an important link between gas-liquid two-phase fluids. Capillary pressure can be expressed as [31]:

pc = pg − pl = σ cos θ ( ε
κ
)

0.5
J(s) (9)

where σ is the surface tension of the gas-liquid interface (N/m), θ is the contact angle of the solid surface
(○), and J(s) is the Leverette function, expressed as [18,28]:

J (s) = {1.417(1 − sl) − 2.120(1 − sl)2 + 1.263(1 − sl)3, 0○ < θ ≤ 90○
1.417sl − 2.120s2

l + 1.263s3
l , 90○ < θ ≤ 180○ (10)

where sl is the liquid water saturation. According to Darcy’s law, the relationship between gas-liquid phase
pressure and velocity can be expressed as:

u l = −
κrl

μl
κ∇pl , ug = −

κr g

μg
κ∇pg (11)

where κrl and κr g are the relative permeability of liquid phase and gas phase (m2), respectively.
According to Fick’s law [31], the material conservation equation in the cathode and anode is as follows:

∇ ⋅ (εui Ci) = ∇ ⋅ Deff
i ∇Ci + Si (12)

where Ci is the material concentration, Deff
i is the effective diffusion rate, Si is the source term of the material

concentration, the calculation formula of Deff
i and the corresponding Si expression in the cathode and anode

are as follows [20]:

Deff
i = (ε(1 − sl))3/2Di (13)

SH2 O =
MH2 O

2F
ja, SO2 =

MO2

4F
ja, SH2 =

MH2

4F
jc (14)

(2) Energy transport equation

The energy equation in the calculation area of the model can be expressed as:

(ρCp)eff u ⋅ ∇T +∇q = ST (15)

q = −keff∇T (16)

where Cp is the specific heat at constant pressure (J/(kg⋅K)), ST is the heat source term (W/m3), and keff is the
effective thermal conductivity (W/(m⋅K)). ρeff , Cp,eff and keff are the effective density, the effective constant
pressure specific heat capacity and the effective thermal conductivity, respectively, which are calculated by
the following formulas [18]:

ρeff = εsρs + εpρf (17)
Cp,eff = εsCp,s + εpCp,f (18)
keff = εsks + εpkf (19)

where εs is the volume fraction of solid phase, ρs, Cp,s and ks are solid density, specific heat capacity and
thermal conductivity, respectively, and ρf , Cp,f and kf are liquid density, specific heat capacity and thermal
conductivity, respectively.
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(3) Charge transport equation

According to Ohm’s law, the charge conservation equation of electrons and protons is given by the
following formulas [26]:

∇ ⋅ (δs∇φs) + Sφ ,s = 0 (20)
∇ ⋅ (δm∇φm) + Sφ ,m = 0 (21)

where δs and δm are the conductivity of electrons and protons (S/m), Sφ ,i is the local current source term
(A/m3), φs is the solid phase potential (V), φm is the membrane phase potential (V). δm is closely related to
water content λ and temperature, and is given by the following formula [32]:

δm = (0.5139λ − 0.326) × exp [1268( 1
303
− 1

T
)] (22)

The electrochemical reactions in the cathode and anode are expressed by the modified Butler-Volmer
(B-V) equation [33]:

ia = sl ⋅ av ,a ⋅ iref
0,a (exp(αaFηa

RT
) − exp(−αcFηc

RT
)) (23)

ic = av ,c ⋅ iref
0,c (exp(αa Fηa

RT
) − exp(−αc Fηc

RT
)) (24)

where av is the active specific surface area (1/m), αa and αc are the charge transfer coefficients of anode and
cathode, respectively, which satisfy the relationship αa + αc = 1. i is the local current density in CL (A/m3),
and iref

0 is the exchange current density (A/m2). F is the Faraday constant (96,485 C/mol), R is the general gas
constant (8.314 J/(mol⋅K)), η is the activation overpotential, which is obtained from the following formulas:

ηa = φs − φm − Eeq (25)
ηc = φs − φm (26)

Eeq is the thermodynamic equilibrium potential, which is obtained from the following equation:

Eeq ,re f (T) = −
(ΔH − TΔS)

nF
(27)

where T is the operating temperature (K), n is the number of electrons participating in the electrode reaction,
ΔH is the standard free energy (J/mol), and ΔS is the reaction entropy (J/(mol⋅K)). The corresponding
electrode equilibrium potential equations are [20,34]:

Eeq,a = Eeq,ref(T) −
RT
nF

ln
s2

H2 O

sO2

(28)

Eeq,c = Eeq,ref(T) −
RT
nF

ln sH2 (29)

The formulas for calculating the exchange current densities iref
0,a and iref

0,c between anode and cathode are:

iref
0,a = i0,a exp(−Eac t ,a

R
( 1

T
− 1

Tref
)) ⋅ Ba(E , T) (30)

iref
0,c = i0,c exp(−Eac t ,c

R
( 1

T
− 1

Tref
)) ⋅ Bc(E , T) (31)
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where i0,a and i0,c are the reference exchange current density (A/m2) of anode and cathode, respectively, Eac t
is the reaction activation energy (J/mol), Tref is the reference temperature. The value of the dimensionless
coefficient B is determined by systematically fitting the predicted results of the numerical model with the
polarization curves of the experimental data at different temperatures. The specific calibration process is as
follows: The experimental data used for calibration cover an electric current range of 0–3.0 A/cm2 and a
temperature range of 40○C–80○C, with a fixed interval of 10○C. During the calibration process, this data set
is randomly divided into two parts: 70% of it is used to calculate the dimensionless coefficient B, and the
remaining 30% is used to verify the prediction accuracy of the calibrated model to ensure its reliability. Table 3
lists the working parameters and electrochemical parameters of the electrolysis cell.

Table 3: Operating parameters and electrochemical parameters of PEMEC.

Parameters Symbols Values Units
Inlet water temperature T 333.15 K

Reference pressure p 1.0 atm
GDL Porosity in anode/cathode εa,GDL/εc,GDL 0.56/0.78 –
CL Porosity in anode/cathode εa,CL/εc,CL 0.25 –
GDL absolute permeability in

anode/cathode κa,GDL/κc,GDL 1 × 10−12 m2

CL absolute permeability in
anode/cathode κa,CL/κc,CL 1 × 10−13 m2

Contact angle θ 80 ○

Surface tension σ 0.0625 N/m
Diffusion coefficient of oxygen DO2 2.82 × 10−5 (T/307.1) 1.5 m2/s

Diffusion coefficient of hydrogen DH2 9.15 × 10−5 (T/308.1) 1.5 m2/s
BP/PEM density ρs,BP/ρs,PEM 4500/1980 kg/m3

BP/PEM thermal conductivity ks,BP/ks,PEM 15.2/0.21 W/(m⋅K)
BP/PEM specific heat capacity Cp,s,BP/Cp,s,PEM 520/833 J/(kg⋅K)

Anode/cathode charge transport
coefficient αa/αc 0.5 –

Anode/cathode reference exchange
current density i0,a/i0,c 0.1/1 × 104 A/m2

Anode/cathode activation energy Eac t ,a/Eac t ,c 62,836/24,359 J/mol
BP/GDL/CL electronic conductivity δs,BP/δs,GDL/δs,CL 20,000/10,000/5000 S/m

Faraday constant F 96,485 C/mol
General gas constant R 8.314 J/(mol⋅K)

2.2.3 Boundary Conditions
Table 4 presents the boundary condition settings adopted in the model. The surface of the anode plate

is set as adiabatic and has a potential condition, while the surface of the cathode plate is also made to be
adiabatic but has potential is 0. The left and right walls of the electrolysis cell are defined as symmetrical
boundaries. The remaining boundary surfaces of the electrolysis cell are set as solid walls and are regarded as
insulating and electrically insulated boundaries. During the operation of the electrolysis cell, the fluid enters
the entire system at a constant superficial velocity and temperature through the surfaces of the anode inlets.
The anode and cathode outlets are set as constant pressure outlets, and in the flow and heat transfer models,
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the outlets are commonly set as free outlets. Fig. 2c shows the 3D model along with the corresponding
boundary positions and names.

Table 4: Boundary conditions.

Equations Surfaces Expressions

Charge conservation Anode BP surface Electric potential: φs = Vcel l
Cathode BP surface Electric potential: φs = 0

Mass and momentum conservation
Anode inlet Velocity inlet: ua = uinCathode inlet

Anode and cathode outlets Pressure outlet: pa ,out = pc ,out = p

Energy conservation Anode inlet Constant temperature inlet: Ta,in = T
Anode and cathode outlets Heat flow outlet: Outflow

Phase Transport conservation Anode and cathode inlets Volume fraction of gas: sg ,a = sg ,c = 0
Anode and cathode outlets Outflow

2.3 Grid Independence Verification
The numerical simulation is carried out on a computer equipped with an AMD EPYC 7J13 64-Core

Processor and 256 GB of memory. In this study, the finite element method in CFD is used to calculate the
steady-state process and solve the fully coupled mathematical equations. The sparse matrix solver PARDISO
is used to solve each physical field variable. The variable residuals of each solution step are constrained, and
the relative tolerance is set to 1 × 10−5. A structured grid is adopted for the computational domain, with the
grid cells being hexahedral grids. Considering that the size range of different components in the electrolysis
cell is relatively large, different grid sizes are used in different areas for spatial discretization. The catalyst
layer in particular is not only the main site of electrochemical reactions, but also much thinner than other
components. Therefore, a finer grid division is adopted to effectively capture heat and mass transfer as well
as electrochemical characteristics. The number of grids in PEM, GDL and CH is at a medium level, while the
BP region adopts a relatively sparse grid division method. The grid division results are shown in Fig. 3a,b.
Meanwhile, in order to avoid calculation errors caused by grid division, the grid independence is verified
under the condition of constant working operating parameters. The working operating parameters are set as
follows: (1) Voltage: 1.675 V; (2) Temperature: 60○C (3) Pressure: 1 atm; (4) Inlet velocity: 0.05 m/s. Adjust the
number of mesh cells in the 3D model to study the influence of mesh cell variations on current density. The
number of grid cells ranges across 5 groups, namely 12,040, 18,060, 24,080, 30,100 and 36,120. The current
density and calculation time corresponding to different grid cell counts are shown in Fig. 3c. After balancing
the computational accuracy and the computational cost, a grid count of 24,080 is adopted to ensure grid
independence and high computational efficiency.
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Figure 3: (a) Grid diagram 3D view (b) X-Z cross-section (c) grid independence test.

2.4 Experimental Verification
To ensure the accuracy of the model, the performance of the electrolysis cell at different temperatures

was evaluated through numerical simulation, and the polarization curves obtained from the numerical
simulation were compared with the experimental data. In the electrolysis cell used in the experiment, the
membrane electrode is a commercial product. The proton exchange membrane is Nafion115, the anode
catalyst is IrO2 with a loading of 2.0 mg/cm2, and the cathode catalyst is Pt/C with a loading of 1.0 mg/cm2.
Both the anode and cathode diffusion layers are titanium felt. The porosity of the anode is 56% and that of
the cathode is 78%. The plate is made of pure titanium material and has corresponding flow field structure
inside, including 15 parallel flow channels with length of 30 mm, width of 0.75 mm, depth of 1 mm and rib
width of 0.75 mm. Before measuring the polarization curve, the catalyst was activated by flowing deionized
water into the electrolysis cell at a certain flow rate for 1 h. The temperature of the electrolysis cell was set at
60○C. Then, the electrolysis was carried out continuously at a current density of 1 A/cm2 for 1 h. After the
activation was completed, the polarization curve was collected using the step current method. The current
density range was set from 0 to 3 A/cm2, with a total of 40 measurement points. Each current density was
maintained for 4 min, with an interval of 10 s, and the voltage average value in the last 2 min was taken as
the recorded data for that point.

The experimental test system is shown in Fig. 4, and the comparison between the results obtained
from numerical simulation and the experimental data is shown in Fig. 5. The dimensions of the geometric
structure, boundary conditions and parameter settings in the simulation are consistent with those in the
experiment. A single-channel model was used for the calculations. Symmetrical conditions were applied at
both sides of the wall, and the anode inlet velocity was set at 0.074 m/s. In Fig. 5a, all the scattered data are
obtained from experimental tests. In Fig. 5b, the curves are fitted to the experimental data in Fig. 5a, and the
scattered data points correspond to the numerical simulation results. It can be seen from the figure that the
simulation results obtained by the numerical model are basically consistent with the experimental data. This
proves the reliability and accuracy of the model in predicting the performance of the electrolysis cell.
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Figure 4: Test rig for characterizing polarization curves of PEMEC under various operating conditions. (a) Schematic
view; (b) photo view.

Figure 5: Comparison of numerical simulation and experimental results at different temperatures (a) experimental
data (b) numerical simulation (curves) and experimental data (scattered points).

3 Surrogate Models

3.1 Data Collection
The reliability of surrogate models trained through ML largely depends on the dataset collected.

The multi-physics PEMEC model verified by grid independence and experimental data was used as the
framework for generating training data. Moreover, a total of three operating parameters were considered,
including temperature, pressure and inlet velocity, to explore the sensitivity of the polarization curve of
the electrolysis cell to these parameters. To ensure that the sampling points did not repeat and were evenly
distributed in the 3D space corresponding to these parameters, the Latin Hypercube Sampling was chosen.
This method is a statistical approach for multi-dimensional parameter space sampling and is widely applied
in fields such as uncertainty quantification, sensitivity, and engineering simulation [35]. Table 5 lists the
sampling ranges corresponding to each variable. During the data generation process, for each set of sampling
operating condition parameter combinations (temperature, pressure, inlet velocity), using the numerical



Energy Eng. 2026;123(9):9 13

model within a fixed voltage range (1.475–2.025 V), the corresponding current density was calculated with
a step size of 0.025 V, thereby obtaining a complete polarization curve composed of discrete points. Based
on this, the constructed dataset defines each sample as a tuple consisting of three operational conditions,
and it is associated with a 24-dimensional current density vector calculated at 24 pre-defined equally spaced
voltage points. A total of 1024 sets of data were obtained, each set containing three operating parameters
and the corresponding polarization curves. The polarization curves were calculated by simulating different
voltage values with a constant set step size to obtain current values. Each set of polarization curves contains
24 current values. During the training process, 80% of the data were selected as the training set, while the
remaining 20% were split in a 1:1 ratio into the validation set and the test set to evaluate the error and accuracy
of the ML model.

Table 5: Range of parameters for ML model.

Parameters Range
Voltage, E (V) [1.475, 0.025, 2.050]

Temperature, T (○C) 20–80
Pressure, p (atm) 1–10

Inlet velocity, uin (m/s) 0.05–0.35

3.2 Data Preprocessing and Model Evaluation
Because the selected operating parameters and polarization curve data span different value ranges with

significant order-of-magnitude differences, min–max normalization is applied in this study to eliminate scale
effects and ensure consistent feature contributions [36]. Meanwhile, reverse normalization is performed on
the model outputs to obtain the actual predicted current density for comparison with the original data. For
each data point x corresponding to the normalized x′, and the output value y′ corresponding to the reverse
normalized y, the calculation formula is as follows:

x′ = x − xmin

xmax − xmin
y = y′ ∗ (ymax − ymin) + ymin (32)

where, xmin and ymin are the minimum values in the dataset, and xmax and ymax are the maximum values
in the dataset.

The training and testing of the ML surrogate models were carried out on a Windows PC, the CPU is
AMD EPYC 7J13 64-Core Processor and the GPU is NVIDIA GeForce RTX 4090. The ML algorithm is
implemented in the virtual environment established by Anaconda, using Python 3.11.7 Scikit-learn 1.4.2 and
Pytorch 2.6.0, with the corresponding CUDA version being 12.6. To evaluate the predictive ability of the
model, three evaluation metrics were adopted to gain a more comprehensive understanding of the model’s
predictive performance, namely the R-square (R2), root mean square error (RMSE), and mean absolute
percentage error (MAPE) [37–39]. The calculation formulas for evaluation metrics are as follows:

R2 = 1 − ∑
n
i=1 (yi − ŷi)2

∑n
i=1 (yi − y)2 , y = 1

n

n
∑
i=1
(yi − ŷi)2

RMSE =
�
��� 1

n

n
∑
i=1
(yi − ŷi)2, MAPE = 100%

n

n
∑
i=1

∣yi − ŷi ∣
yi

(33)

where yi is the actual value and ŷi is the model prediction value.
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3.3 ML Algorithm
This study employed five different ML algorithms, namely random forest (RF), extreme gradient

boosting (XGBoost), support vector regression (SVR), gaussian process regression (GPR), and FCNN. By
comparing and analyzing the evaluation indicators, a more comprehensive understanding of the algorithm
model can be achieved, and the potential of each algorithm can be quantified for subsequent predictions
and comparisons with experimental data. The following section briefly discusses the differences and
characteristics of these ML algorithms.

Both RF and XGBoost belong to the ensemble learning paradigms based on decision trees, but their
core concepts and implementation paths are completely different. The brief algorithm schematic diagram is
shown in Fig. 6. RF adopts the Bagging idea, enhancing model performance by constructing a large number
of independent decision trees and integrating their results. The core lies in introducing dual randomness,
namely the random sampling with replacement of training samples and the random selection of features
during node splitting, to ensure the differences between trees and effectively reduce the risk of overfitting.
XGBoost follows the Boosting idea, serially constructing a series of trees in a forward step-by-step manner.
Each new tree focuses on learning and correcting the residuals or prediction errors of the previous tree. It
controls the model complexity by introducing a regularization term into the objective function and uses the
loss function for efficient optimization [22,40,41].

Figure 6: Schematic diagram of ensemble learning based on decision trees.

SVR and GPR are both powerful nonlinear regression methods based on kernel techniques, which are
particularly suitable for data with small sample sizes, high dimensionality and complex patterns. However,
they offer different modeling perspectives. The core objective of SVR is to find a fitting function that can
make the majority of the samples fall within the ε interval band around it, while keeping the function as “flat”
as possible. It maps data to a high-dimensional space through a kernel function to achieve linear fitting, and
its solution depends on key sample points called “support vectors” [42,43]. GPR is a fundamentally different
probabilistic Bayesian approach. It does not make specific assumptions about the form of the function, but
assumes that all possible functions follow a Gaussian process prior. GPR can provide both predicted values
and uncertainty measures simultaneously, but its computational cost increases cubically with the volume of
data [44,45].

FCNN is composed of an input layer, several hidden layers and an output layer. All neurons between
the layers are connected in pairs, as shown in Fig. 7. The core capability of this model lies in automatically
learning highly complex and nonlinear mapping relationships from the original input to the target output
through cascading linear transformations and nonlinear activation functions. However, this powerful
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capability also brings about a distinct “black box” characteristic, making the model’s decision-making process
difficult to explain. Meanwhile, it usually requires large-scale training data support to avoid falling into
overfitting [25,26,28]. In this study, the hidden layers of the neural network were set to 3 layers, with the
number of neurons in each layer being 32, 64, and 32, respectively. The activation function used was ReLU,
and the optimizer employed was Adam with weight decay. On this basis, grid search optimization was
conducted for hyperparameters such as learning rate, batch size, and weight decay coefficient. Finally, the
learning rate was determined to be 0.001, the batch size to be 256, and the weight decay coefficient to be 0.01.
Based on this configuration, subsequent research was carried out.

Figure 7: Schematic diagram of a fully connected neural network.

4 Results and Discussion

4.1 Numerical Simulation Results
The middle XZ cross-section temperature distribution in the electrolysis cell under different voltages

is shown in Fig. 8. As can be seen from the figure, at voltages of 1.50 and 1.75 V, the inlet water flow with
a higher temperature on the anode side results in the average anode temperature being significantly higher
than that on the cathode side. The temperature distribution of the XZ cross-section shows a continuous
downward trend from the anode flow channel to the cathode flow channel. However, as the voltage is
increased to 2 V, the anode temperature becomes lower than that of the cathode. This is because the ohmic
heat generated by the conductive medium due to high voltage is much greater than the heat required for the
chemical reaction, resulting in the temperature of the central film being higher than that on both sides of
the cathode and anode. Meanwhile, in addition to participating in chemical reactions, liquid water serves as
an important heat transfer medium. Flowing liquid water carries away a large amount of heat, resulting in a
lower overall temperature of the anode compared with the cathode side. The velocity distribution of section
XZ at different positions along the Y-axis is shown in Fig. 9. The water flow velocity at the anode side inlet
is a constant value, while the cathode side inlet does not allow water to pass through. Only a portion of the
water seeps through the membrane to reach the cathode. Under the influence of boundary conditions and
fluid viscosity, the velocities at the centers of the anode and cathode are significantly higher than those in the
surrounding wall areas, while the velocity distribution of the XZ section at three different positions on the
anode side is similar. At the cathode, due to the penetration of water on the anode side and the generation
of H2, the velocity continuously increases from the inlet to the outlet. Fig. 10 illustrates the distribution of
temperature, current density and electrolyte conductivity in the membrane at a voltage of 1.75 V. Compared
with the temperature distribution of the XZ section, the difference range of the temperature distribution in
the XY section is significantly smaller, and the difference between the maximum and minimum values is
only within 2 K. Along the flow direction, temperature, current density and electrolyte conductivity all show
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a downward trend. The temperature drop is due to the fact that the flow of liquid water takes away some
ohmic heat. The decrease in current density and electrolyte conductivity is because liquid water participates
in electrochemical reactions to generate O2, and the accumulated gas hinders the material transport of liquid
water to the catalyst layer in the subsequent flow section.

Figure 8: Temperature distribution in the middle XZ cross-section of PEMEC at various voltages.

Figure 9: Velocity distribution in XZ cross-section of PEMEC at different positions.
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Figure 10: Distribution of the middle XY cross-section of PEMEC (a) Temperature (K) (b) current density (A/cm2)
(c) electrolyte conductivity (S/m).

In Figs. 11–14, a comprehensive 3D distribution image of temperature, O2, H2 and liquid water are
presented. At voltages of 1.50 and 1.75 V, the temperature on the anode side decreases along the flow direction,
indicating that the ohmic heat generated by the conductive medium is relatively small and sufficient to be
effectively carried away by liquid water. However, low voltage is difficult to overcome polarization loss, thus
being unfavorable for the progress of chemical reactions. Especially at 1.50 V, only a very small amount
of O2 is produced on the anode side, and the O2 mole fraction at the outlet end only reaches 0.1. As the
voltage rises, the rate of electrochemical reaction increases. At 2.00 V, the molar ratio of O2 to liquid water
at the anode outlet reaches approximately 1:1. For the cathode side, since liquid water is not introduced, the
distribution of H2 along the flow direction is roughly the same under different voltage conditions. The molar
fraction of H2 keeps increasing, but the starting position where H2 begins to accumulate keeps approaching
the inlet of the flow channel. With the voltage increased into 2 V, the temperatures on the anode and cathode
sides keep rising along the flow direction. Meanwhile, the membrane temperature at different flow positions
is significantly higher than that on both sides of the cathode and anode. The heat carried away by water
and the heat consumed by chemical reactions are difficult to balance with the ohmic heat. This means that
although high voltage can promote the progress of electrochemical reactions, temperature control becomes
an important challenge for the electrolysis cell.

Figure 11: 3D distribution of temperature in PEMEC under various voltages.
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Figure 12: 3D distribution of H2 mole fraction in PEMEC under various voltages.

Figure 13: 3D distribution of O2 mole fraction in PEMEC under various voltages.

Figure 14: 3D distribution of H2O mole fraction in PEMEC under various voltages.

4.2 Performance Comparison of ML Algorithms
Firstly, the prediction performance of five ML algorithms was comprehensively evaluated on the training

set and validation set through two key indicators, namely RMSE and R2, as shown in Fig. 15. RMSE measures
the deviation between the predicted value and the experimental value. R2 represents the proportion of
variance in the target variable explained by the model, with values closer to 1 indicating a better fit. Overall,
the model’s prediction performance shows an evolving trend from underfitting to good generalization: The
RF lags significantly behind in both metrics. The high RMSE and low R2 in the training set and validation set
indicate that the model’s complexity is insufficient, making it difficult to effectively capture the underlying
patterns in the data. Although XGBoost demonstrates extremely strong fitting ability on the training set with
R2 approaching 1, its performance of the validation set failed to match it, indicating a risk of overfitting. In
contrast, SVR, GPR and FCNN jointly achieve excellent and stable performance on the validation set. The
metrics of their training sets are close to those of the validation set, indicating that all three models have
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successfully learned the general rules of the data, confirming their excellent generalization capability. It is
worth noting that FCNN’s performance is particularly (outstanding Training set RMSE: 0.00274, R2: 0.99989;
Validation set RMSE: 0.00307, R2: 0.99986). It achieves the minimum RMSE and the maximum R2 on both
the training set and the validation set, and the performance gap between the two sets of data is extremely
small. This result fully demonstrates that under the current task and data volume, FCNN has successfully
learned the true distribution of the data without overfitting the noise, proving the strong competitiveness of
deep learning models in such problems. To sum up, SVR, GPR and FCNN are the more reliable options in
this case. In the subsequent model tests, the RF with a significant performance difference is removed, while
XGBoost is retained for comparison with the other three algorithms.

Figure 15: Prediction performance comparison of ML algorithms.

In Figs. 16–19, the prediction performances of four ML algorithms, XGBoost, SVR, GPR, and FCNN, on
the test set are visually compared in the low, medium, and high current density intervals. Among them, each
polarization curve contains 24 current density values, where the low, medium and high current densities
correspond to the 4th (1.55 V), 12th (1.75 V) and 20th (1.95 V) sampling points, respectively. By comparing
the predicted values with the actual values in the form of a scatter plot and adding three evaluation metrics,
namely R2, RMSE, and MAPE, the accuracy and robustness of each algorithm under different working
conditions were systematically evaluated. Overall, these four types of algorithms all demonstrated extremely
high prediction accuracy across the entire test set. From the perspective of the scattered point distribution,
the vast majority of the colored scattered points in each subgraph are densely located near the black diagonal
representing the ideal prediction. By comparing the three quantitative indicators, the R2 values marked in
each subgraph are generally close to 1, the RMSE values are relatively small, and the MAPE mostly remains
at the ±1% level. All these jointly confirm that the model has excellent fitting ability. Further comparison
reveals that XGBoost shows some prediction points deviating from the ±1% error range in different current
density intervals, indicating that its prediction consistency is slightly inferior to the other three models.
In contrast, the RMSE and MAPE of SVR, GPR and FCNN can all be controlled below 0.01 under low,
medium and high current densities, without showing obvious systematic deviations. This indicates that these
three types of algorithms can stably capture the complex mapping relationship between current density and
target variables, and maintain stable prediction performance under different working conditions. A complete
polarization curve simulation based on CFD requires approximately 30 min of computation. By contrast,
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the ML collaborative method significantly reduces computational cost and time consumption, achieving
polarization curve prediction within seconds, which is particularly suitable for the efficient prediction of the
performance of electrolysis cells.

Figure 16: Comparison of the predicted and actual values of XGBoost for various voltages on the test set.

Figure 17: Comparison of the predicted and actual values of SVR for various voltages on the test set.

Figure 18: Comparison of the predicted and actual values of GPR for various voltages on the test set.
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Figure 19: Comparison of the predicted and actual values of FCNN for various voltages on the test set.

Fig. 20 systematically compares the prediction effects of four ML algorithms, XGBoost, SVR, GPR,
and FCNN, on polarization curves under different temperature conditions. The predicted values of each
model were further compared with experimental data and CFD calculation results in the figure. It should be
noted that the CFD model itself was calibrated and validated only at five discrete temperatures: 40○C, 50○C,
60○C, 70○C, and 80○C. For model evaluation, 45○C, 55○C, 65○C, and 75○C were selected as interpolation
verification temperatures to test the model’s ability to predict unseen combinations within the training range;
meanwhile, 35○C and 85○C were used as extrapolation verification temperatures to preliminarily examine
the model’s potential for extension to a wider temperature range. In each subgraph, the curves represent the
experimental fitting results, solid dots represent the CFD calculated values, and hollow star points are the
predicted values of the corresponding models. Overall, within the training temperature range of 40○C–80○C,
the predicted values of various models can well capture the basic trend of the polarization curve, but there
are certain differences in fitting accuracy, curve smoothness, and the degree of restoration of actual physical
laws. Specifically, the prediction curve of XGBoost is consistent with the trend of experimental data in most
intervals, but there are slight fluctuations in the high current density region, indicating that the model’s fitting
stability for high nonlinear intervals is slightly insufficient. Despite its relatively smooth overall output, the
SVR model exhibits a slight deviation from some experimental points in the medium and low current density
range. This indicates strong generalization ability, yet also suggests that its local fitting accuracy could be
further improved. The GPR and FCNN models exhibit excellent smoothness and fitting consistency on a
global scale. Their prediction curves can closely follow the data trend under different temperature conditions,
demonstrating good prediction accuracy.

In terms of extrapolation prediction ability, the performance of each model varies significantly. Since
XGBoost uses a decision tree as the base learner and essentially lacks extrapolation capability, the prediction
results at extrapolation temperatures are not provided in the figure. Although SVR has a certain extrapolation
ability and its prediction results in high-temperature areas are relatively reasonable, there are obvious
deviations in the prediction results in low-temperature areas. For the extrapolated temperatures of 35○C,
there is a significant difference at 1.9 V. Especially at voltages, the model prediction results deviate significantly
from the fitting curve of the experimental data at 35○C, and are closer to 40○C. The GPR model performs
poorly under extrapolation. At 35○C and 85○C, the predicted current density exhibits abnormal jumps vs.
voltage, failing to produce continuous polarization curves. This is attributable to the mathematical nature
of GPR: its predictions rely heavily on the covariance structure defined by the kernel function. Beyond the
training data range, predictions quickly revert to the prior mean, with a sharp increase in uncertainty. In
this study, the temperature–current density relationship likely follows a different nonlinear trend outside the
training boundaries. The radial basis function kernel used cannot adequately capture behavioral changes in
these unsupported regions, leading to prediction failure and physically implausible outputs. In contrast, the
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FCNN model demonstrates the best prediction performance in the extrapolation region. The polarization
curves its outputs are not only smooth and continuous but also show a trend with temperature changes that
conforms to physical expectations, indicating that the model features good generalization ability and certain
extrapolation reliability, which is of guiding significance for the subsequent experimental design.

Figure 20: (Continued)
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Figure 20: Comparison of prediction results of various ML algorithms under different temperature conditions
(a) XGBoost (b) SVR (c) GPR (d) FCNN.

Fig. 21 shows the comparison results between the polarization curve of the electrolysis cell predicted
by the FCNN model and experimental test data of different operating durations (0, 360, 480, 600 h) under
the same operating conditions. The FCNN prediction curve (indicated by a red asterisk) is consistent
with the 0 h experimental data in the low current density region, indicating that the model can capture
the electrochemical response of the initial state of the electrolysis cell well. However, as the current
density increases, the deviation between the predicted value and the measured value slightly increases. The
experimental curve further shows that as the running time is extended from 0 to 600 h, the polarization curve
shows a systematic upward shift, that is, the required voltage gradually increases at the same current density.
For example, at current densities of 1.5 A/cm2 and higher, the voltage after 600 h of operation significantly
increases compared to 0 h, which intuitively reflects the performance degradation trend of the electrolysis
cell during long-term operation. This attenuation may be due to mechanisms such as decreased catalyst
activity, aging of membrane electrode structures, or increased contact resistance that may occur during
continuous operation. It is important to note that the FCNN surrogate model constructed in this study does
not incorporate variables or mechanisms such as time, aging dynamics, or material decay. Therefore, its
predictions are essentially a static mapping of the initial performance of the electrolysis cell under a given
condition. By comparing the long-term experimental data with the initial state prediction results of the
FCNN, it can be used to quickly identify whether the electrolysis cell has undergone significant changes
in performance from its initial state, providing an approximate assessment method for establishing and
comparing initial performance benchmarks. However, the current model structure cannot represent the
dynamic decay process over time itself.

Future research can further expand upon the existing FCNN to support dynamic temporal prediction
and long-term performance degradation analysis. For instance, incorporating temporal modeling structures
such as recurrent neural networks to handle historical sequence inputs of operation parameters and state
quantities, and extending the output to a sequence of polarization curves for multiple future time steps,
enabling multi-step rolling prediction. Secondly, integrating the physical information neural network frame-
work during training, embedding control equations such as mass conservation and energy balance as soft
constraints into the loss function, thereby enhancing the physical consistency and extrapolation reliability of
the model in data-sparse regions. Additionally, by establishing auxiliary input channels including variables
such as running time, start-stop times, and load cycles, and explicitly coupling them with the attenuation



24 Energy Eng. 2026;123(9):9

dynamics equation, it is possible to achieve mechanistic prediction of the long-term attenuation trend of the
electrolysis cell performance.

Figure 21: Comparison of FCNN prediction results with long-term experimental data.

5 Conclusion
Based on the constructed 3D two-phase multi-physics field PEMEC model, the study selected key

operating parameters, obtained polarization curve data through numerical simulation to build a dataset, and
analyzed the influence of working voltage on the multi-physics distribution inside the electrolysis cell. On
this basis, multiple ML surrogate models were trained, and the performance of five types of algorithms in
the polarization curve prediction task was systematically compared. The main conclusions are as follows:

(1) The established 3D multi-physics field model effectively couples the two-phase flow, heat and mass
transfer, and electrochemical reaction processes within the PEMEC. The numerical simulation results
show good agreement with experimental data at various operating temperatures, confirming the
model’s accuracy in simulating multi-physics characteristics under different conditions.

(2) Based on the constructed dataset, to achieve the regression task goal of predicting polarization curves
according to the operating condition parameters, this study selected five ML algorithms with different
principles: RF, XGBoost, SVR, GPR and FCNN. The trained ML surrogate models can predict the
polarization curves based on the three input operating conditions (temperature, pressure, and flow
rate), achieving high prediction accuracy (RMSE < 0.024 and R2 > 0.992) on the validation set. The
FCNN demonstrated the best and most stable prediction performance within the interpolation and
extrapolation temperature range, with prediction errors consistently within ±0.5% of the actual values.
This model provides an effective tool for the rapid performance evaluation of electrolysis cells under
varying operating conditions.

(3) Compared with traditional experimental design and CFD simulation, the ML collaborative method
adopted in this research significantly reduced the computational cost and time consumption. Predict-
ing a complete set of polarization curves takes no more than 5 s, compared to approximately 30 min



Energy Eng. 2026;123(9):9 25

for CFD-based simulation, representing a 3-orders of magnitude improvement in prediction efficiency.
Without sacrificing the prediction accuracy, it achieves more efficient polarization curve prediction.
This method offers potential for rapid performance estimation and operating condition screening
within the studied parameter ranges, providing useful insights for the operational analysis of similar
electrolysis cell systems.
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Nomenclature
Symbols
α Specific surface area, [1/m]
θ Contact angle, [○]
κ Permeability, [m2]
λ Water content of the membrane, [-]
μ Dynamic viscosity, [kg/(m⋅s)]
ρ Density, [kg/m3]
σ Surface tension, [kg/s2]
i Current density, [A/m2]
k Thermal conductivity, [W/(m⋅K)]
p Pressure, [kg/(m⋅s2)]
u Velocity, [m/s]
x Input parameter, [-]
y Output parameter, [-]
B Experimental correction coefficient, [-]
C Specific heat, [kJ/(kg⋅K)]
E Electrical potential, [V]
F Faraday constant, [C/mol]
R General gas constant, [J/(mol⋅K)]
S Source item, [kg/(m3⋅s)]
T Temperature, [K]

Subscripts
a Anode
c Cathode
act Activation
eff Effective value
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eq Equilibrium
ex Experiment
i Component
in Inlet
out Outlet
ref Reference
sim Simulation
H2 Hydrogen
O2 Oxygen
H2O Water

Abbreviations
3D Three-dimensional
AWE Alkaline water electrolysis
A-BP Anode bipolar plate
A-CH Anode flow channel
A-CL Anode catalyst layer
A-GDL Anode gas diffusion layer
CFD Computational fluid dynamics
C-BP Cathode bipolar plate
C-CH Cathode flow channel
C-CL Cathode catalyst layer
C-GDL Cathode gas diffusion layer
FCNN Fully connected neural network
GPR Gaussian process regression
HER Hydrogen evolution reaction
MAPE Mean absolute percentage error
MEA Membrane electrode assembly
ML Machine learning
NSGA-II Non-dominated sorting genetic algorithm
OER Oxygen evolution reaction
PDP Partial dependence plot
PEM Proton exchange membrane
PEMEC Proton exchange membrane electrolysis cell
PEMWE Proton exchange membrane water electrolysis
R2 R-square
RF Random forest
RMSE Root mean square error
SOE Solid oxide electrolysis
SHAP Shapley additive explanations
SVR Support vector regression
VOF Volume of fluid
XGBoost Extreme gradient boosting
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