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1. Governing equations

The governing equations are listed as below:

Continuity equation (coolant, solved in coolant distribution zones and channels):
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Momentum conservation equation (coolant, solved in coolant distribution zones 

and channels):
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where (kg m-3), u (m s-1), t (s), p (Pa), and (Pa s) are the density, velocity, time,  

pressure, and dynamic viscosity, respectively, and the subscript cool denotes the 

coolant.

Continuity equation (gas mixture, hydrogen, and water vapor in anode side; 

oxygen, water vapor and nitrogen in cathode side, solved in anode/cathode gas 

distribution zones, gas channels, GDLs, MPLs and CLs):
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Momentum equation (gas mixture flow, i.e., hydrogen and water vapor in anode 

side; oxygen, water vapor and nitrogen in cathode side, solved in anode/cathode gas 

distribution zones, gas channels, GDLs, MPLs and CLs): 
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For turbulent flow in headers or other high-Re regions, taking k-ε model as an 

example, turbulent kinetic energy equation:
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Turbulent kinetic energy dissipation rate equation:
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Gas species equation (hydrogen and water vapor in anode side; oxygen, water 

vapor and nitrogen in cathode side, solved in anode/cathode gas distribution zones, gas 

channels, GDLs, MPLs and CLs):
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where , s, , (m2 s-1) , (kg m-2 s-2) , (kg m-3 s-1), (kg m-3 s-1) are the  iY eff
iD mS uS iS

porosity (which is 1.0 in the distribution zones and flow fields), liquid saturation, 

species mass fraction, effective diffusion coefficient, source terms of continuity, 

momentum and gas species equations, respectively, and the subscript g denote gas 

mixture.

In some models, the liquid water in gas channels is usually described by:
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And the liquid water flow in GDLs, MPLs and CLs are described by:
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where K (m2), kl, and (kg m-3 s-1) are the intrinsic permeability, relative humidity, and lS

source term, respectively.

The water transport in the membrane and CL’s ionomer is described by the below 

governing equation:
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where , EW (kg mol-1), , , , F (96,487 C mol-1), (m2 s-1) and  (mol   dn ionI eff
dD mwS



m-3 s-1) are the membrane water content, equivalent weight of membrane, ionomer 

volume fraction (1.0 in the membrane), electro-osmotic drag (EOD) coefficient, ionic 

current density vector, Faraday constant, effective membrane water diffusion 

coefficient, and source term, respectively. 

The electron and proton conductions and the electrochemical reactions are 

described by a pair of Poisson equations incorporating their reaction rates in the source 

terms:
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where (S m-1), (V), and (A m-3) are the conductivity, potential, and eff
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source term, respectively. The subscripts e and ion denote electron and proton, 

respectively. The source terms are expressed as:
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where and (A m-3) are the hydrogen oxidation reaction (HOR) and oxygen aJ cJ

reduction reaction (ORR) rates[1], which can be calculated by the corrected Butler-

Volmer equations[2].

The heat transfer in the whole computational domain is described by the energy 

conservation equation:
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where T (K), (J kg-1), (W m-1 K-1), and (W m-3) are the temperature, eff
pC

effk TS

effective heat capacity, effective thermal conductivity, and source term, respectively.

Table S1. Flow field designs by fuel cell multi-physics modeling.

Ref. Cathode flow field configurations Flow field type
Active 

area (cm2)

Distribution 

zones

Coolant 

flow

Lim et al.[3] 

Partially-

narrow flow 

field

3.78 No Yes

Bagherighajari 

et al.[4] 

Interdigitated 

flow field with 

block

4.9 No No

Zhang et al.[5] 
Staggered 

channel
3 No Yes

Xia et al.[6] 
Bio-inspired 

channel
4 No No

Zhang et al.[7] 3D fine mesh 0.42 No No



Zhang et al.[8] Metal foam 0.24 No No

Valentín-Reyes 

et al. [9]

Interdigitated 

channel
50 No No

Atyabi et al.[10] 
Serpentine 

channels
100 No Yes

Sarani et al.[11] 
Serpentine 

channels
218 No Yes

Wang et al.[12] 

Dot matrix 

distribution and 

parallel 

channels

300 Yes Yes



Wu et al.[13]

Dot matrix 

distribution and 

parallel 

partially-

narrow 

channels

245.76 Yes Yes

Tsukamoto et 

al.[14] 

Dot matrix 

distribution and 

parallel 

channels

300 Yes Yes

Huo et al.[15]

Dot matrix 

distribution and 

parallel 

straight/wave 

channels

335.4 Yes Yes

Zhang et al.[16]
Bio-inspired 

channel
3.61 No No

Zhang et al.[17]

Waveform 

staggered 

channel

26.95 Yes Yes

Shao et al.[18] Parallel channel 250 No No



Lu et al.[19]

Dot matrix 

distribution and 

parallel 

channels

303.85 Yes No

Yin et al.[20]

Parallel and 

serpentine 

channel

406 No Yes

Wang et al.[21] 
Optimized 

parallel channel
108 No No

Wang et al.[22] 
Optimized 

parallel channel
123.6 Yes No



Lu et al.[23]

Dot matrix 

distribution and 

parallel 

channels

197.5 Yes No

Liu et al.[24]

Matrix 

distribution and 

parallel 

channels

300 Yes No

Huo et al.[25]

Dot matrix 

distribution and 

waveform 

channels

309.12 Yes No

Yan et al.[26]

Dot matrix 

distribution and 

convergent-

divergent flow 

field

300 Yes Yes

Liu et al.[27]
Wavy flow 

channel
310 No Yes



Table S2. Source terms, correlations, and CL agglomerate model parameters

Name Equations

Source terms in gas continuity 

equation (kg m-3 s-1)
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Table S3. Physical properties and correlations of fuel cell materials

Properties Values or expressions

Ideal gas constant (J mol-1 K-1) 8.314

Faraday’s constant (C mol-1) 96487

Gas mixture density (kg m-3)
g

g
i

i i

p
YRT
M

 



Gas mixture viscosity (kg m-1 s-1) g i i
i
Y 

Effective thermal conductivities (W 

m-1 K-1)
   eff

1 g s mem1 1k sk s k k k           

Dynamic viscosity of H2, O2, H2O, 

and N2 (kg m-1 s-1)
8.411×10-6, 1.919×10-5, 1.34×10-5, 1.663×10-5

Intrinsic permeability of GDLs, 

MPLs, CLs, Membrane, and channels 

(m2)

2.0×10-12, 1.0×10-12, 1.0×10-13, 2.0×10-20, 1.0×10-8

Contact angle of GDLs, MPLs, CLs 

and GDL/CH interface (°)
114, 145, 110, 90

Thermal conductivity of BP, GDL, 

MPL, CL, and PEM (W m-1 K-1)
20, 2.3, 1, 1, 0.95

Specific heat of BP, GDL, MPL, CL, 

and PEM (J kg-1 K-1)
1580, 568, 3300, 3300, 833

Density of BP, GDL, MPL, CL, and 1000, 1000, 1000, 1000, 1000



PEM (kg m-3)

Effective ionic conductivity (S m-1) eff 1.5
ion ion  

Effective electronic conductivity (S 

m-1)

 1.5eff
e e1     

Effective species diffusivity (m2 s-1)   1.5eff 1i iD s D   

Water vapor saturation pressure 

(atm)

 
 
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10 sat 

5 2

7 3

log 2.1794 0.02953 273.15

                 9.1837 10

             

273.15

1.4454 10 273.1    5

T

T

T

p




   

  
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Table S4. Summary of AI integration with multi-physics models. 

No. Authors Titles Main contents Main focuses Year AI model

1 Zuo et 
al.[28]

Digital twinning of multi-
physics field performance 
of faceted novel snake coil 
flow field PEM fuel cells

This study constructs a 3D multiphase multiphysics field 
digital twin model of a PEMFC using dynamic mode 
decomposition (DMD), enabling accurate real-time 
presentation of internal physical fields.

Predict 
dynamic 
spatiotemporal 
evolution in 
PEM fuel cell

2025 DMD

2 Zhou et 
al.[29]

Machine learning-assisted 
design of flow fields for 
proton exchange 
membrane fuel cells

A depth-first search (DFS) algorithm generates 28,348 flow 
field designs; 480 are simulated via 3D full-size fuel cell 
model to create a training dataset. A multilayer perceptron 
(MLP) model then predicts current density from flow field 
morphology, enabling rapid screening of high-performance 
designs to identify the optimal flow field structure. 

Optimization 
of flow field 
structure

2025 DFS, MLP

3 Alibeigi 
et al.[30]

Integrated study of 
prediction and 
optimization performance 
of PBI-HTPEM fuel cell 
using deep learning, 
machine learning and 
statistical correlation

3D full-size modeling and AI methods are used to predict and 
optimize the performance of PBI-HTPEM fuel cells, 
comparing various machine learning techniques and 
metaheuristic algorithms for maximizing power and current 
density with low errors and computational cost.

Optimization 
of operation 
conditions

2024
SVR, 
GPR, FC-
NN

4

Ghasabe
hi and 
Shams[3

1]

Predicting water 
saturation and oxygen 
transport resistance in 
proton exchange 
membrane fuel cell by 

This work develops a hybrid "3D+1D" PEMFC model, where 
3D domain simulates two-phase flow and a simplified 1D 
domain handles electrochemical processes. Machine learning 
predicts water saturation and oxygen transport resistance 
trained by the dataset from 3D fuel cell model, which bridges 

Prediction of 
water 
saturation and 
oxygen 
transport 

2024
CatBoost 
algorithm, 
etc.



artificial intelligence flow-field characteristics with flooding behavior, enabling 
efficient integration into the hybrid framework for accurate 
flood prediction

resistance, 
construction of 
a cost-effective 
3D+1D model

5
Ghasabe
hi et 
al.[32]

Optimization of baffle and 
tapering integration in the 
PEM fuel cell flow field 
employing artificial 
intelligence

This study employs AI to develop surrogate models for 
optimizing the integration of baffles and tapering in flow 
fields, achieving superior accuracy in enhancing performance 
and output power density.

Optimization 
of operation 
conditions and 
geometry

2024 FC-NN

6 Pan et 
al.[33]

A machine learning driven 
3D+1D model for efficient 
characterization of proton 
exchange membrane fuel 
cells

This study presents a computationally efficient AI-driven 
3D+1D model, where the AI surrogate reduces the 
computational intensity of the 1D electrochemical sub-model 
while maintaining high accuracy.

Partially 
replace some 
parts in 3D 
full-size fuel 
cell model

2024 FC-NN

7
Srivasta
va et 
al.[34]

A non-intrusive approach 
for physics-constrained 
learning with application 
to fuel cell modeling

This study introduces weakly-coupled Integrated Inference 
and Machine Learning (IIML) framework that improves 
physical model accuracy by inferring and correcting model 
structures.

Calibration of 
model 
parameters for 
improving 
accuracy

2023 FC-NN

8 Nguyen 
et al.[35]

Deep learning–based 
optimization of a 
microfluidic 
membraneless fuel cell for 
maximum power density 
via data-driven three-
dimensional multi-physics 

This study introduces a deep learning-based method 
combining ANN and GA to optimize a membraneless 
microfluidic fuel cell for maximum power density using 3D 
multi-physics simulation data.

Optimization 
of geometry 2022 FC-NN, 

GA



simulation data

9 Lou et 
al.[36]

Machine-learning-assisted 
insight into the cathode 
catalyst layer in proton 
exchange membrane fuel 
cells

This study integrates the Extreme Gradient Boosting 
(XGBoost) machine learning algorithm with a 3D full-size 
fuel cell model to analyze and optimize the CL. The data-
driven model uses the 3D model to generate training datasets 
for rapid prediction of cell performance, quantitative 
sensitivity analysis, and multi-objective optimization via GA

Sensitivity 
analysis and 
Optimization 
of CL 
composition 
parameters

2022 XGBoost, 
GA

10 Tian et 
al.[37]

Deep learning from three-
dimensional multiphysics 
simulation in operational 
optimization and control 
of polymer electrolyte 
membrane fuel cell for 
maximum power

Using 3D full-size model to generate dataset, this paper 
proposes an ANN model to predict fuel cell’s performance 
rapidly and then integrates it with GA to identify the maximum 
power at different application temperatures 

Optimization 
of operation 
conditions

2021 FC-NN, 
GA

11 Zhang et 
al.[38]

Optimization of porous 
media flow field for 
proton exchange 
membrane fuel cell using a 
data-driven surrogate 
model

Using 3D full-size model to generate dataset, this paper 
proposes a SVM model to predict fuel cell’s performance 
rapidly and then integrates it with GA to identify the optimal 
porous flow field structure corresponding to the maximum 
performance of fuel cells

Optimization 
of geometry of 
porous flow 
field

2020 SVM, GA

12 Li et al.

Performance prediction 
and power density 
maximization of a proton 
exchange membrane fuel 
cell based on deep belief 
network

This paper employs a deep belief network (DBN) to construct 
a data-driven model for predicting PEMFC performance and 
maximizing power density

Optimization 
of operation 
conditions

2020 DBN 



13 Wang et 
al.[39]

Multi-physics-resolved 
digital twin of proton 
exchange membrane fuel 
cells with a data-driven 
surrogate model

This paper presents a surrogate modelling method that 
integrates a 3D fuel cell physical model with a data-driven 
model, leveraging AI to efficiently predict multi-physics 
fields, reduce computational cost, and enable development of 
digital twins for complex systems.

Prediction of 
spatial 
distributions of 
multiple flow 
fields

2020 FC-NN, 
SVM

14 Wang et 
al.[40]

AI-based optimization of 
PEM fuel cell catalyst 
layers for maximum 
power density via data-
driven surrogate modeling

Using a 3D full-size model to generate dataset, this paper 
proposes a SVM model to quickly predict fuel cell 
performance and then integrates it with GA to identify the 
optimal CL composition corresponding to the maximum 
power density of fuel cells

Optimization 
of CL 
composition 
parameters

2020 SVM, GA
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