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H I G H L I G H T S

• Mesh-free PINN framework for PEMFC 

channel flow.

• Accurate PINN and ANN predictions for 

unseen channel widths.

• PINN outperforms conventional ANNs in 

generalization.

• PINN reduces computational effort by 

∼83.9% vs. CFD.

• PINN accelerates design and optimiza­

tion of fuel cell channels.
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A B S T R A C T

Physics-informed neural networks (PINNs) offer a promising alternative to computationally expensive CFD-based 

design studies of proton exchange membrane fuel cells (PEMFCs). However, their suitability for modeling real­

istic fuel cell channel flows and their ability to generalize across different geometric designs have not yet been 

systematically assessed. This work addresses this gap by developing a mesh-free PINN framework that embeds 

the governing transport equations of multicomponent channel flow, including oxygen consumption, directly into 

the learning process. Unlike conventional artificial neural networks (ANNs), the proposed PINN does not require 

labelled CFD training data. In this work, CFD data are used for benchmarking and validation, while the PINN 

training itself does not rely on CFD field solutions in the interior of the computational domain, and the PINN 

training itself is driven solely by the embedded governing equations without labelled CFD target fields. The model 

is evaluated with respect to two core research questions: (i) Can a PINN accurately reproduce the coupled flow 

and species transport fields in a PEMFC gas channel? and (ii) Can the learned physics be leveraged to predict 

performance for previously unseen channel widths? Results show that the PINN reproduces CFD reference fields 

with high accuracy and substantially outperforms ANNs in generalizing to channel widths not included in train­

ing. Moreover, the PINN-based design study achieves a computational time reduction of approximately 83.9% 

compared to full CFD simulations. These findings demonstrate that PINNs provide a data-efficient and computa­

tionally lightweight surrogate model suitable for accelerating iterative PEMFC channel design, here exemplarily 

demonstrated for variations in channel width.
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\begin {align}\xi = \mu _\xi + \sigma _\xi \, \hat {\xi } \label {eq:denorm_in}\\ \zeta = \mu _\zeta + \sigma _\zeta \, \hat {\zeta } \label {eq:denorm_out}\end {align}
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\begin {align}\boldsymbol {v} \cdot \nabla Y_i = D_i \, \nabla ^2 Y_i \label {eq:spec_GC} \quad \text {,}\end {align}


$Y_i$


$i$


\begin {align}\ce {H2 &-> 2H+ + 2e-} \label {eq:HOR}\\ \ce {1/2 O2 + 2H+ + 2e- &-> H2O} \label {eq:ORR}\end {align}
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\begin {align}j &= j_0 {\left (\frac {c_{\ce {O2}}}{c_{{\ce {O2}},{\textrm {ref}}}}\right )}^{\gamma _{\ce {O2}}} \cdot \left [ \exp {\left (\frac {\alpha _a \, F \, \eta }{R \, T}\right )} - \exp {\left (- \frac {\alpha _c \, F \, \eta }{R \, T}\right )} \right ] \label {eq:butler_volmer_eq}\end {align}
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\begin {align}j &= j_0 {\left (\frac {c_{\ce {O2}}}{c_{{\ce {O2}},{\textrm {ref}}}}\right )}^{\gamma _{\ce {O2}}} \exp {\left (\frac {\alpha _a \, {\textrm {F}} \, \eta }{R \, T}\right )} \label {eq:tafel_eq}\text {. }\end {align}
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\begin {align}j_0 = j_0^{\textrm {ref}} \, a_{\textrm {CL}} {\left (\frac {p_{\ce {O2}}}{p_{\textrm {ref}}}\right )}^\gamma \cdot \exp {\left (- \frac {E}{R \, T} \left [1 - \frac {T}{T_{\textrm {ref}}}\right ]\right )}\text {,} \label {eq:exchg_curr_dens}\end {align}
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\begin {align}\eta = - U_{\textrm {eq}} - R_{\textrm {el}} \, A_{\textrm {geom}} \, j \label {eq:surf_pot}\end {align}


\begin {align}R_{\textrm {el}} = - \frac {\eta ^{\textrm {CFD}} + U_{\textrm {eq}}^{\textrm {CFD}}}{A_{\textrm {geom}} \, j^{\textrm {CFD}}} \label {eq:resist}\end {align}
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\begin {align}R_{{\textrm {el}}}(b, y) = a_5(b) \, y^5 + a_4(b) \, y^4 + a_3(b) \, y^3 + a_2(b) \, y^2 + a_1(b) \, y + a_0(b) \label {eq:resist_model}\end {align}
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\begin {align}{\frac {\partial {\zeta }}{\partial {\xi }}} = {\frac {\partial {\left (\mu _\zeta + \sigma _\zeta \, \hat {\zeta }\right )}}{\partial {\left (\mu _\xi + \sigma _\xi \, \hat {\xi }\right )}}} = \frac {\sigma _\zeta }{\sigma _\xi } \, {\frac {\partial {\hat {\zeta }}}{\partial {\hat {\xi }}}} \label {eq:first_deriv_scaling}\end {align}


\begin {align}\frac {\partial ^2 \zeta }{\partial \xi ^2} = \frac {\sigma _\zeta }{\sigma _\xi ^2} \, \frac {\partial ^2 \hat {\zeta }}{\partial \hat {\xi }^2} \label {eq:sec_deriv_scaling}\end {align}


$r \in \mathcal {R}$


\begin {align}\mathcal {L}_{\textrm {Con}}^r &= \frac {\sigma _u}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {\sigma _w}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}} \label {eq:conti_loss}\\ \mathcal {L}_{{\textrm {Mom}},x}^r &= \frac {\sigma _x}{\sigma _p} \, \sigma _u \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _x}{\sigma _p} \, \frac {\sigma _u}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 \hat {u}_r}{\partial \hat {x}_r^{2}} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 \hat {u}_r}{\partial {\hat {z}_r}^2} \right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {x}_r}}} \label {eq:mom_loss_x}\\ \mathcal {L}_{{\textrm {Mom}},z}^r &= \frac {\sigma _z}{\sigma _p} \, \sigma _w \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _z}{\sigma _p} \, \frac {\sigma _w}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {z}_r}^2}\right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {z}_r}}} \label {eq:mom_loss_z}\\ \mathcal {L}_{\textrm {Spe}}^r &= \frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}}} - \frac {1}{{\textrm {Pe}}_i} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}^2}\right ] \label {eq:spec_loss}\end {align}


\begin {align}\mathcal {L}_{\textrm {Con}}^r &= \frac {\sigma _u}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {\sigma _w}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}} \label {eq:conti_loss}\\ \mathcal {L}_{{\textrm {Mom}},x}^r &= \frac {\sigma _x}{\sigma _p} \, \sigma _u \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _x}{\sigma _p} \, \frac {\sigma _u}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 \hat {u}_r}{\partial \hat {x}_r^{2}} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 \hat {u}_r}{\partial {\hat {z}_r}^2} \right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {x}_r}}} \label {eq:mom_loss_x}\\ \mathcal {L}_{{\textrm {Mom}},z}^r &= \frac {\sigma _z}{\sigma _p} \, \sigma _w \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _z}{\sigma _p} \, \frac {\sigma _w}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {z}_r}^2}\right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {z}_r}}} \label {eq:mom_loss_z}\\ \mathcal {L}_{\textrm {Spe}}^r &= \frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}}} - \frac {1}{{\textrm {Pe}}_i} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}^2}\right ] \label {eq:spec_loss}\end {align}


\begin {align}\mathcal {L}_{\textrm {Con}}^r &= \frac {\sigma _u}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {\sigma _w}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}} \label {eq:conti_loss}\\ \mathcal {L}_{{\textrm {Mom}},x}^r &= \frac {\sigma _x}{\sigma _p} \, \sigma _u \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _x}{\sigma _p} \, \frac {\sigma _u}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 \hat {u}_r}{\partial \hat {x}_r^{2}} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 \hat {u}_r}{\partial {\hat {z}_r}^2} \right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {x}_r}}} \label {eq:mom_loss_x}\\ \mathcal {L}_{{\textrm {Mom}},z}^r &= \frac {\sigma _z}{\sigma _p} \, \sigma _w \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _z}{\sigma _p} \, \frac {\sigma _w}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {z}_r}^2}\right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {z}_r}}} \label {eq:mom_loss_z}\\ \mathcal {L}_{\textrm {Spe}}^r &= \frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}}} - \frac {1}{{\textrm {Pe}}_i} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}^2}\right ] \label {eq:spec_loss}\end {align}


\begin {align}\mathcal {L}_{\textrm {Con}}^r &= \frac {\sigma _u}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {\sigma _w}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}} \label {eq:conti_loss}\\ \mathcal {L}_{{\textrm {Mom}},x}^r &= \frac {\sigma _x}{\sigma _p} \, \sigma _u \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {u}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _x}{\sigma _p} \, \frac {\sigma _u}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 \hat {u}_r}{\partial \hat {x}_r^{2}} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 \hat {u}_r}{\partial {\hat {z}_r}^2} \right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {x}_r}}} \label {eq:mom_loss_x}\\ \mathcal {L}_{{\textrm {Mom}},z}^r &= \frac {\sigma _z}{\sigma _p} \, \sigma _w \left [\frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {w}_r}}{\partial {\hat {z}_r}}}\right ] - \frac {\sigma _z}{\sigma _p} \, \frac {\sigma _w}{{\textrm {Re}}} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {w}_r}}{\partial {\hat {z}_r}^2}\right ] + {\frac {\partial {\hat {p}_r}}{\partial {\hat {z}_r}}} \label {eq:mom_loss_z}\\ \mathcal {L}_{\textrm {Spe}}^r &= \frac {u_r}{\sigma _x} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}}} + \frac {w_r}{\sigma _z} \, {\frac {\partial {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}}} - \frac {1}{{\textrm {Pe}}_i} \left [\frac {1}{\sigma _x^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {x}_r}^2} + \frac {1}{\sigma _z^2} \, \frac {\partial ^2 {\hat {Y}_{i,r}}}{\partial {\hat {z}_r}^2}\right ] \label {eq:spec_loss}\end {align}


$y$


$y$


$\sigma _x / \sigma _p$


$\sigma _z / \sigma _p$


${\textrm {Re}} = \bar {\rho } \, w_{\textrm {ref}} \, L_{\textrm {ref}} / \bar {\mu }$


${\textrm {Pe}}_i = w_{\textrm {ref}} \, L_{\textrm {ref}} / \bar {D}_i$


$w_{\textrm {ref}} = 10~\mathrm {m/s^{-1}}$


$L_{\textrm {ref}} = 5~\times ~10^{-2}~\textrm {m}$


$z$


$\bar {\kappa }$


$\kappa = \rho , \mu , D_i$


$N_\mathcal {T}$


\begin {align}\bar {\kappa } = \frac {1}{N_\mathcal {T}} \, \sum _{t=1}^{N_\mathcal {T}} \kappa _t \label {eq:avg_params}\end {align}


$s \in \mathcal {S}$


\begin {align}\mathcal {L}_{{\textrm {BC}},u}^s &= u^{\textrm {CFD}}_s - u_s \label {eq:bc_u}\\ \mathcal {L}_{{\textrm {BC}},w}^s &= w^{\textrm {CFD}}_s - w_s \label {eq:bc_w}\\ \mathcal {L}_{{\textrm {BC}},p}^s &= p^{\textrm {CFD}}_s - p_s \label {eq:bc_p}\\ \mathcal {L}_{{\textrm {BC}},Y_{\ce {O2}}}^s &= Y^{\textrm {CFD}}_{\ce {O2},s} - Y_{\ce {O2},s} \label {eq:bc_YO2}\end {align}


\begin {align}\mathcal {L}_{{\textrm {BC}},u}^s &= u^{\textrm {CFD}}_s - u_s \label {eq:bc_u}\\ \mathcal {L}_{{\textrm {BC}},w}^s &= w^{\textrm {CFD}}_s - w_s \label {eq:bc_w}\\ \mathcal {L}_{{\textrm {BC}},p}^s &= p^{\textrm {CFD}}_s - p_s \label {eq:bc_p}\\ \mathcal {L}_{{\textrm {BC}},Y_{\ce {O2}}}^s &= Y^{\textrm {CFD}}_{\ce {O2},s} - Y_{\ce {O2},s} \label {eq:bc_YO2}\end {align}


\begin {align}\mathcal {L}_{{\textrm {BC}},u}^s &= u^{\textrm {CFD}}_s - u_s \label {eq:bc_u}\\ \mathcal {L}_{{\textrm {BC}},w}^s &= w^{\textrm {CFD}}_s - w_s \label {eq:bc_w}\\ \mathcal {L}_{{\textrm {BC}},p}^s &= p^{\textrm {CFD}}_s - p_s \label {eq:bc_p}\\ \mathcal {L}_{{\textrm {BC}},Y_{\ce {O2}}}^s &= Y^{\textrm {CFD}}_{\ce {O2},s} - Y_{\ce {O2},s} \label {eq:bc_YO2}\end {align}


\begin {align}\mathcal {L}_{{\textrm {BC}},u}^s &= u^{\textrm {CFD}}_s - u_s \label {eq:bc_u}\\ \mathcal {L}_{{\textrm {BC}},w}^s &= w^{\textrm {CFD}}_s - w_s \label {eq:bc_w}\\ \mathcal {L}_{{\textrm {BC}},p}^s &= p^{\textrm {CFD}}_s - p_s \label {eq:bc_p}\\ \mathcal {L}_{{\textrm {BC}},Y_{\ce {O2}}}^s &= Y^{\textrm {CFD}}_{\ce {O2},s} - Y_{\ce {O2},s} \label {eq:bc_YO2}\end {align}


$\mathcal {R}_{{\textrm {Batch}},k} \subseteq \mathcal {R}, \, k = 1,\dots , n$


$N_{{\textrm {Batch}},k} = |\mathcal {R}_{{\textrm {Batch}},k}|$


$l$


$\mathcal {R}_{\textrm {Batch}} = \mathcal {R}$


$N_\mathcal {S} = |\mathcal {S}|$


\begin {align}\mathcal {L}_{{\textrm {BC}},l} = \frac {1}{N_\mathcal {S}} \, \sum _{s=1}^{N_\mathcal {S}} {\left (\mathcal {L}_{{\textrm {BC}},l}^s\right )}^2\label {autoeq:2}\end {align}


\begin {align}\mathcal {L}_{\textrm {Tot}} &= \omega _{\textrm {Con}} \, \mathcal {L}_{\textrm {Con}} + \omega _{{\textrm {Mom}},x} \, \mathcal {L}_{{\textrm {Mom}},x} + \omega _{{\textrm {Mom}},z} \, \mathcal {L}_{{\textrm {Mom}},z} + \omega _{\textrm {Spec}} \, \mathcal {L}_{\textrm {Spec}} \nonumber \\ &\quad + \omega _{{\textrm {BC}},u} \, \mathcal {L}_{{\textrm {BC}},u} + \omega _{{\textrm {BC}},w} \, \mathcal {L}_{{\textrm {BC}},w} + \omega _{{\textrm {BC}},p} \, \mathcal {L}_{{\textrm {BC}},p} + \omega _{{\textrm {BC}},Y_{\ce {O2}}} \, \mathcal {L}_{{\textrm {BC}},Y_{\ce {O2}}} \label {eq:gc_tot_loss}\end {align}


$\omega _l$


$\omega _{BC,l}$


$\lambda _l$


$\lambda _l = \omega _l^{-1}$


$l$


$\omega _l$


${\textrm {Con}}$


$\cdot $


$^{-1}$


${\textrm {Mom}},x$


$\cdot $


$^{2}$


${\textrm {Mom}},z$


$\cdot $


$^{2}$


${\textrm {Spec}}$


$\cdot $


$^{-3}$


${\textrm {BC}},u$


$\cdot $


$^{1}$


${\textrm {BC}},w$


${\textrm {BC}},p$


$\cdot $


$^{-4}$


${\textrm {BC}},Y_{\ce {O2}}$


$\cdot $


$^{5}$


$\omega $


$w$


$\mathcal {T}_{{\textrm {cat}}}$


$t \in \mathcal {T}_{{\textrm {cat}}}$


\begin {align}\mathcal {L}_{\textrm {Surf}}^t &= \eta _t + U_{{\textrm {eq}},t}^{\textrm {CFD}} + R_{{\textrm {el}},t} \, A_{\textrm {geom}} \, j_t \label {eq:surf_pot_loss}\\ \mathcal {L}_{\textrm {Rea}}^t &= \ln {\left (\frac {j_t}{j_{0,t}}\right )} - \gamma _{\ce {O2}} \, \ln {\left (\frac {c_{{\ce {O2}},t}^{\textrm {CFD}}}{c_{{\ce {O2}},{\textrm {ref}}}}\right )} -\frac {\alpha _a \, F \, \eta _t}{R \, T} \label {eq:react_loss}\\ \mathcal {L}_{\textrm {Width}}^t &= b_t^{\textrm {CFD}} - b_t \label {eq:width_loss}\end {align}


\begin {align}\mathcal {L}_{\textrm {Surf}}^t &= \eta _t + U_{{\textrm {eq}},t}^{\textrm {CFD}} + R_{{\textrm {el}},t} \, A_{\textrm {geom}} \, j_t \label {eq:surf_pot_loss}\\ \mathcal {L}_{\textrm {Rea}}^t &= \ln {\left (\frac {j_t}{j_{0,t}}\right )} - \gamma _{\ce {O2}} \, \ln {\left (\frac {c_{{\ce {O2}},t}^{\textrm {CFD}}}{c_{{\ce {O2}},{\textrm {ref}}}}\right )} -\frac {\alpha _a \, F \, \eta _t}{R \, T} \label {eq:react_loss}\\ \mathcal {L}_{\textrm {Width}}^t &= b_t^{\textrm {CFD}} - b_t \label {eq:width_loss}\end {align}


\begin {align}\mathcal {L}_{\textrm {Surf}}^t &= \eta _t + U_{{\textrm {eq}},t}^{\textrm {CFD}} + R_{{\textrm {el}},t} \, A_{\textrm {geom}} \, j_t \label {eq:surf_pot_loss}\\ \mathcal {L}_{\textrm {Rea}}^t &= \ln {\left (\frac {j_t}{j_{0,t}}\right )} - \gamma _{\ce {O2}} \, \ln {\left (\frac {c_{{\ce {O2}},t}^{\textrm {CFD}}}{c_{{\ce {O2}},{\textrm {ref}}}}\right )} -\frac {\alpha _a \, F \, \eta _t}{R \, T} \label {eq:react_loss}\\ \mathcal {L}_{\textrm {Width}}^t &= b_t^{\textrm {CFD}} - b_t \label {eq:width_loss}\end {align}


$b$


$j$


$\eta $


$U_{{\textrm {eq}},t}^{\textrm {CFD}}$


$j_{0,t}$


$c_{{\ce {O2}},t}^{\textrm {CFD}}$


$t$


\begin {align}j_{0,t} &= j_0^{\textrm {ref}} {\left (\frac {p_{\ce {O2},t}}{p_{\textrm {ref}}}\right )}^\gamma {\exp \left (- \frac {E}{R \, T} \left [1 - \frac {T}{T_{\textrm {ref}}}\right ]\right )} \label {eq:exchg_curr_dens_loss}\\ p_{\ce {O2},t} &= p_t^{\textrm {CFD}} \, X_{\ce {O2},t} \label {eq:oxy_pres_loss}\\ X_{\ce {O2},t} &= \frac {M_t}{M_{\ce {O2}}} \, Y_{\ce {O2},t}^{\textrm {CFD}} \label {eq:massfrac_to_molefrac_loss}\\ M_t &= {\left (\frac {Y_{\ce {H2},t}^{\textrm {CFD}}}{M_{\ce {H2}}} + \frac {Y_{\ce {O2,t}}^{\textrm {CFD}}}{M_{\ce {O2}}}\right . + \left .\frac {Y_{\ce {H2O},t}^{\textrm {CFD}}}{M_{\ce {H2O}}} + \frac {Y_{\ce {N2},t}^{\textrm {CFD}}}{M_{\ce {N2}}}\right )}^{-1} \label {eq:mix_mol_mass_loss}\\ R_{{\textrm {el}},t}(b_t, y_t) &= a_5(b_t) \, y_t^5 + a_4(b_t) \, y_t^4 + a_3(b_t) \, y_t^3 + a_2(b_t) \, y_t^2 + a_1(b_t) \, y_t + a_0(b_t) \label {eq:resist_model_loss}\end {align}


\begin {align}j_{0,t} &= j_0^{\textrm {ref}} {\left (\frac {p_{\ce {O2},t}}{p_{\textrm {ref}}}\right )}^\gamma {\exp \left (- \frac {E}{R \, T} \left [1 - \frac {T}{T_{\textrm {ref}}}\right ]\right )} \label {eq:exchg_curr_dens_loss}\\ p_{\ce {O2},t} &= p_t^{\textrm {CFD}} \, X_{\ce {O2},t} \label {eq:oxy_pres_loss}\\ X_{\ce {O2},t} &= \frac {M_t}{M_{\ce {O2}}} \, Y_{\ce {O2},t}^{\textrm {CFD}} \label {eq:massfrac_to_molefrac_loss}\\ M_t &= {\left (\frac {Y_{\ce {H2},t}^{\textrm {CFD}}}{M_{\ce {H2}}} + \frac {Y_{\ce {O2,t}}^{\textrm {CFD}}}{M_{\ce {O2}}}\right . + \left .\frac {Y_{\ce {H2O},t}^{\textrm {CFD}}}{M_{\ce {H2O}}} + \frac {Y_{\ce {N2},t}^{\textrm {CFD}}}{M_{\ce {N2}}}\right )}^{-1} \label {eq:mix_mol_mass_loss}\\ R_{{\textrm {el}},t}(b_t, y_t) &= a_5(b_t) \, y_t^5 + a_4(b_t) \, y_t^4 + a_3(b_t) \, y_t^3 + a_2(b_t) \, y_t^2 + a_1(b_t) \, y_t + a_0(b_t) \label {eq:resist_model_loss}\end {align}


\begin {align}j_{0,t} &= j_0^{\textrm {ref}} {\left (\frac {p_{\ce {O2},t}}{p_{\textrm {ref}}}\right )}^\gamma {\exp \left (- \frac {E}{R \, T} \left [1 - \frac {T}{T_{\textrm {ref}}}\right ]\right )} \label {eq:exchg_curr_dens_loss}\\ p_{\ce {O2},t} &= p_t^{\textrm {CFD}} \, X_{\ce {O2},t} \label {eq:oxy_pres_loss}\\ X_{\ce {O2},t} &= \frac {M_t}{M_{\ce {O2}}} \, Y_{\ce {O2},t}^{\textrm {CFD}} \label {eq:massfrac_to_molefrac_loss}\\ M_t &= {\left (\frac {Y_{\ce {H2},t}^{\textrm {CFD}}}{M_{\ce {H2}}} + \frac {Y_{\ce {O2,t}}^{\textrm {CFD}}}{M_{\ce {O2}}}\right . + \left .\frac {Y_{\ce {H2O},t}^{\textrm {CFD}}}{M_{\ce {H2O}}} + \frac {Y_{\ce {N2},t}^{\textrm {CFD}}}{M_{\ce {N2}}}\right )}^{-1} \label {eq:mix_mol_mass_loss}\\ R_{{\textrm {el}},t}(b_t, y_t) &= a_5(b_t) \, y_t^5 + a_4(b_t) \, y_t^4 + a_3(b_t) \, y_t^3 + a_2(b_t) \, y_t^2 + a_1(b_t) \, y_t + a_0(b_t) \label {eq:resist_model_loss}\end {align}


\begin {align}j_{0,t} &= j_0^{\textrm {ref}} {\left (\frac {p_{\ce {O2},t}}{p_{\textrm {ref}}}\right )}^\gamma {\exp \left (- \frac {E}{R \, T} \left [1 - \frac {T}{T_{\textrm {ref}}}\right ]\right )} \label {eq:exchg_curr_dens_loss}\\ p_{\ce {O2},t} &= p_t^{\textrm {CFD}} \, X_{\ce {O2},t} \label {eq:oxy_pres_loss}\\ X_{\ce {O2},t} &= \frac {M_t}{M_{\ce {O2}}} \, Y_{\ce {O2},t}^{\textrm {CFD}} \label {eq:massfrac_to_molefrac_loss}\\ M_t &= {\left (\frac {Y_{\ce {H2},t}^{\textrm {CFD}}}{M_{\ce {H2}}} + \frac {Y_{\ce {O2,t}}^{\textrm {CFD}}}{M_{\ce {O2}}}\right . + \left .\frac {Y_{\ce {H2O},t}^{\textrm {CFD}}}{M_{\ce {H2O}}} + \frac {Y_{\ce {N2},t}^{\textrm {CFD}}}{M_{\ce {N2}}}\right )}^{-1} \label {eq:mix_mol_mass_loss}\\ R_{{\textrm {el}},t}(b_t, y_t) &= a_5(b_t) \, y_t^5 + a_4(b_t) \, y_t^4 + a_3(b_t) \, y_t^3 + a_2(b_t) \, y_t^2 + a_1(b_t) \, y_t + a_0(b_t) \label {eq:resist_model_loss}\end {align}


\begin {align}j_{0,t} &= j_0^{\textrm {ref}} {\left (\frac {p_{\ce {O2},t}}{p_{\textrm {ref}}}\right )}^\gamma {\exp \left (- \frac {E}{R \, T} \left [1 - \frac {T}{T_{\textrm {ref}}}\right ]\right )} \label {eq:exchg_curr_dens_loss}\\ p_{\ce {O2},t} &= p_t^{\textrm {CFD}} \, X_{\ce {O2},t} \label {eq:oxy_pres_loss}\\ X_{\ce {O2},t} &= \frac {M_t}{M_{\ce {O2}}} \, Y_{\ce {O2},t}^{\textrm {CFD}} \label {eq:massfrac_to_molefrac_loss}\\ M_t &= {\left (\frac {Y_{\ce {H2},t}^{\textrm {CFD}}}{M_{\ce {H2}}} + \frac {Y_{\ce {O2,t}}^{\textrm {CFD}}}{M_{\ce {O2}}}\right . + \left .\frac {Y_{\ce {H2O},t}^{\textrm {CFD}}}{M_{\ce {H2O}}} + \frac {Y_{\ce {N2},t}^{\textrm {CFD}}}{M_{\ce {N2}}}\right )}^{-1} \label {eq:mix_mol_mass_loss}\\ R_{{\textrm {el}},t}(b_t, y_t) &= a_5(b_t) \, y_t^5 + a_4(b_t) \, y_t^4 + a_3(b_t) \, y_t^3 + a_2(b_t) \, y_t^2 + a_1(b_t) \, y_t + a_0(b_t) \label {eq:resist_model_loss}\end {align}


$\mathcal {T}_{{\textrm {Batch}},k} \subseteq \mathcal {T}_{\textrm {cat}}$


$k = 1,\dots , m$


$N_{{\textrm {Batch}},k} = |\mathcal {T}_{{\textrm {Batch}},k}|$


$\mathcal {T}_{\textrm {Batch}} = \mathcal {T}$


\begin {align}\mathcal {L}_{\textrm {Tot}} &= \omega _{\textrm {Surf}} \, \mathcal {L}_{\textrm {Surf}} + \omega _{\textrm {Rea}} \, \mathcal {L}_{\textrm {Rea}} \left (+ \, \omega _{\textrm {Width}} \, \mathcal {L}_{\textrm {Width}}\right ) \label {eq:cl_tot_loss}\end {align}
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$\lambda _l = \omega _l^{-1}$
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$j_{\textrm {VC}} = j \cdot A_{\textrm {geom}} / A_{\textrm {VC}}$


$A_{\textrm {VC}} = 1.5778 \cdot 10^{-4}\,\mathrm {m^2}$
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$j_{\textrm {VC}}$
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$p_{\ce {O2}}$


\begin {align}p_{\ce {O2}} &= p \, X_{\ce {O2}}{.} \label {eq:oxy_pres}\end {align}


$X_{\ce {O2}}$


$Y_{\ce {O2}}$


$M_{\ce {O2}}$


$M$


\begin {align}X_{\ce {O2}} &= \frac {M}{M_{\ce {O2}}} \, Y_{\ce {O2}} \label {eq:massfrac_to_molefrac}\\ M &= {\left (\frac {Y_{\ce {H2}}}{M_{\ce {H2}}} + \frac {Y_{\ce {O2}}}{M_{\ce {O2}}} + \frac {Y_{\ce {H2O}}}{M_{\ce {H2O}}} + \frac {Y_{\ce {N2}}}{M_{\ce {N2}}}\right )}^{-1} \label {eq:mix_mol_mass}\end {align}


\begin {align}X_{\ce {O2}} &= \frac {M}{M_{\ce {O2}}} \, Y_{\ce {O2}} \label {eq:massfrac_to_molefrac}\\ M &= {\left (\frac {Y_{\ce {H2}}}{M_{\ce {H2}}} + \frac {Y_{\ce {O2}}}{M_{\ce {O2}}} + \frac {Y_{\ce {H2O}}}{M_{\ce {H2O}}} + \frac {Y_{\ce {N2}}}{M_{\ce {N2}}}\right )}^{-1} \label {eq:mix_mol_mass}\end {align}


$E_C$


$j_{0}^\text {ref}$


$6.97872~\mathrm {{A/cm}^{2}}$


$\alpha _a$


$A_{\textrm {geom}}$


$3.1114\cdot {10}^{-4}~\mathrm {m}^{2}$


$\bar {\rho }$


$1.793~\mathrm {{kg/m}^{3}}$


$\bar {\mu }$


$\cdot $


$\bar {D}_{\ce {O2}}$


$9.809\cdot {10}^{-6}~\mathrm {{m}^{2}/s}$


\begin {align}\mathcal {L}_l = \frac {1}{N_{{\textrm {Batch}},k}} \, \sum _{r=1}^{N_{{\textrm {Batch}},k}} {\left (\mathcal {L}_l^r\right )}^2 \text {,} \label {eq:mse_phys_losses}\\ \text {with:}\quad r \in \mathcal {R}_{{\textrm {Batch}},k}, \, k = 1,\dots , n \nonumber \end {align}


\begin {align}\mathcal {L}_l = \frac {1}{N_{{\textrm {Batch}},k}} \, \sum _{t=1}^{N_{{\textrm {Batch}},k}} {\left (\mathcal {L}_l^t\right )}^2 \quad \text {,} \label {eq:mse_cl_losses}\\ \text {with:}\quad t \in \mathcal {T}_{{\textrm {Batch}},k}, \, k = 1,\dots , m \nonumber \end {align}
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Nomenclature

ACL Anode Catalyst Layer

AD Automatic Differentiation

AI Artificial Intelligence

ANN Artificial Neural Network

ANFIS Adaptive Neuro-Fuzzy Inference System

BPP Bipolar Plate

CCL Cathode Catalyst Layer

CFD Computational Fluid Dynamics

CL Catalyst Layer

CPU Central Processing Unit

FC Fuel Cell

GC Gas Channel

GDL Gas Diffusion Layer

GPU Graphics Processing Unit

HOR Hydrogen Oxidation Reaction

MEA Membrane Electrode Assembly

ML Machine Learning

MMP Mixture Multiphase

MPL Microporous Layer

MSE Mean Squared Error

NN Neural Network

NSE Navier-Stokes Equation

OP Operating Point

ORR Oxygen Reduction Reaction

PDE Partial Differential Equation

PEM Proton Exchange Membrane

PEMFC Proton Exchange Membrane Fuel Cell

PINN Physics-Informed Neural Network

RMSE Root-Mean-Square Error

𝐴geom Geometric area of the membrane electrode assembly

𝐴VC Area of the anode voltage collector

𝑎0 Constant coefficient of resistance polynomial

𝑎1 Linear coefficient of resistance polynomial

𝑎2 Quadratic coefficient of resistance polynomial

𝑎3 Cubic coefficient of resistance polynomial

𝑎4 Quartic coefficient of resistance polynomial

𝑎5 Quintic coefficient of resistance polynomial

𝑎CL Platinum loading in the catalyst layer

𝑎𝑖(𝑏𝑡) Coefficient of resistance polynomial as function of 𝑏𝑡
𝛼 Scenario-specific input parameter (BCs, inlet, geometry)

𝛼𝑎 Anodic transfer coefficient

𝛼𝑐 Cathodic transfer coefficient

𝑏 Gas channel width

𝑏𝑡 Channel width at data point 𝑡
𝑐O2

Oxygen concentration in the catalyst layer

𝑐O2 ,ref Reference oxygen concentration

𝑐CFD
O2 ,𝑡

Oxygen concentration at data point 𝑡 from CFD

𝐷𝑖 Diffusion coefficient of species 𝑖
𝐸 Activation energy

𝐹 Faraday constant

𝑗 Current density

𝑗𝑡 Current density at data point 𝑡
𝑗0 Exchange current density

𝑗0,𝑡 Exchange current density at data point 𝑡
𝑗ref
0 Reference exchange current density

𝑗VC Normalized current density, 𝑗 ⋅ 𝐴geom∕𝐴VC

𝜅̄ Averaged physical property over all CFD data points

𝐿 Number of hidden layers in the NN

𝐿ref Reference length in main flow direction (z)

L𝑖 Physics-informed loss term from residuals

LData Data loss term (prediction vs. reference)

LBC Boundary condition loss term

L𝑟
𝑙 Physical loss of type 𝑙 at collocation point 𝑟

L𝑠
BC,𝑙 Boundary condition loss of type 𝑙 at 𝑠

LTot Total loss (weighted sum of all)

𝑀 Molar mass of the gas mixture

𝑀O2
Molar mass of oxygen

𝑀𝑡 Mixture molar mass at data point 𝑡
𝜇 Dynamic viscosity

𝜇𝜉 Mean of the input variable

𝜇𝜁 Mean of the output variable

𝑁 Number of training data points

𝑁S Number of boundary points in boundary loss

𝑁T Number of data points in data set T
𝑁Batch Mini-batch size

𝑁Batch,𝑘 Number of points in mini-batch 𝑘
𝑁Layers Number of hidden layers in NN

𝑁Neurons Neurons per hidden layer

𝑝 Pressure

𝑝O2
Oxygen partial pressure

𝑝O2 ,𝑡 Partial pressure of oxygen at 𝑡
𝑝ref Reference pressure

Pe𝑖 Péclet number for species 𝑖
𝜌 Density of the ideal gas mixture

Re Reynolds number

𝑅 Universal gas constant

R Set of collocation points (PDE residuals)

𝑅el Electrical resistance of the cell

𝑅el,𝑡 Electronic resistance at 𝑡
𝐒 Set of boundary points

𝑇 Temperature

𝑇ref Reference temperature

T CFD data set (all points)

Tcat Catalyst layer data set for reactions

TBatch,𝑘 Catalyst layer data in batch 𝑘
𝑢 Velocity component in 𝑥-direction

𝑢𝑟 𝑥-component of velocity at collocation point 𝑟
𝑣 Velocity component in 𝑦-direction

𝐯 Velocity vector (𝑢, 𝑣,𝑤)𝑇

𝑤 Velocity component in 𝑧-direction

𝑤𝑟 𝑧-component of velocity at collocation point 𝑟
𝑤ref Reference velocity in 𝑧-direction

𝑋O2
Oxygen mole fraction

𝑋O2 ,𝑡 Oxygen mole fraction at 𝑡
𝑌𝑖 Mass fraction of species 𝑖
𝑌𝑖,𝑟 Mass fraction of species 𝑖 at collocation point 𝑟
𝑌 CFD
species,𝑡 Mass fraction of species 𝑖 at 𝑡 from CFD

𝑦 Coordinate in channel width direction

𝑧 Coordinate in flow direction

𝜉 Denormalized input variable

𝜁 Normalized output variable

𝜁 Denormalized output variable

𝜁𝑘 Predicted NN output vector

𝜁CFD
𝑘 Reference vector from CFD/experiments

𝜂 Overpotential

𝜂𝑡 Surface overpotential at 𝑡
𝜂LR Learning rate

𝑈eq Equilibrium potential
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𝑈CFD
eq,𝑡 Equilibrium potential at 𝑡 from CFD

𝜔𝑖 Weight for physics-informed loss term

𝜔BC,𝑖 Weight for BC loss terms

𝜔Data Weight for data loss term

𝜔𝑙 Weight for physical loss type 𝑙

𝜔BC,𝑙 Weight for BC loss type 𝑙
𝜔Surf Weight for surface overpotential loss

𝜔Rea Weight for Tafel reaction loss

𝜔Width Weight for channel width loss

𝑡train Training time for given hyperparameters

1 . Introduction

The ever-increasing number of vehicles emitting greenhouse gases, 

primarily carbon dioxide (CO2), demands the development of more sus­

tainable propulsion systems. Since CO2 emissions from the transport 

sector have risen continuously since 1990, the European Parliament de­

cided in 2023 to enforce stricter regulations. Starting from 2035, only 

emission-free light commercial vehicles will be permitted for registra­

tion [1]. In addition to regulations targeting light-duty vehicles, the EU 

has also introduced stringent CO2 emission standards for heavy-duty ve­

hicles. As of 2024, heavy-duty trucks, buses, and trailers must achieve 

fleet-wide emission reductions of 45 % by 2030, 65 % by 2035, and 90 % 

by 2040 compared to 1990. Furthermore, 90 % of new urban buses must 

be zero-emission by 2030, rising to 100 % by 2035 [2].

Fuel Cells (FCs) offer a promising technology for sustainable propul­

sion in mobile systems, including heavy-duty, public transport, and 

light-duty vehicles, due to their fast start-up capabilities and high 

power density. Among these, the Proton Exchange Membrane Fuel Cell 

(PEMFC) is particularly suited for automotive applications. A PEMFC is 

an electrochemical device that converts the chemical energy of a fuel, 

typically hydrogen, and an oxidizing agent, usually oxygen from air, di­

rectly into electrical energy, heat, and water through electrochemical 

reactions without combustion [3–5]. It consists of two spatially sepa­

rated electrodes, electrically connected by an electrolyte. In automotive 

and heavy-duty applications, a Proton Exchange Membrane (PEM) acts 

as both separator and an electrolyte [6]. Catalyst Layers (CLs) applied on 

either side of the PEM form the Membrane Electrode Assembly (MEA), 

which is enveloped by porous layers commonly made from carbon paper, 

cloth, or fibers [7]. The Gas Diffusion Layer (GDL) ensures homogeneous 

gas transport but can suffer from water condensation on the cathode 

side, reducing diffusivity and permeability. This issue is mitigated by 

the incorporation of a Microporous Layer (MPL) with smaller pore sizes 

[8]. Surrounding these functional layers, the Bipolar Plates (BPPs) form 

the outer boundaries of the cell. They are crucial components in Proton 

Exchange Membrane Fuel Cells (PEMFCs), primarily responsible for the 

distribution of reactants and removal of products, while also ensuring 

electrical conduction. They constitute approximately 30 % of the total 

cost and significantly influence maintenance intervals [9].

A detailed understanding of the resulting flow and transport 

phenomena is therefore indispensable, which has driven the use 

of Computational Fluid Dynamics (CFD) to investigate these pro­

cesses. CFD has significantly advanced flow simulation by numerically 

solving the compressible and incompressible Navier-Stokes equations 

(NSEs) through methods such as finite element, spectral, and mesh­

less approaches [10,11]. Nevertheless, mesh generation and solving 

Partial Differential Equations (PDEs) for every mesh cell remain time-

consuming and computationally expensive, especially in industrial ap­

plications. Ferziger et al. [12] To overcome these limitations, alternative 

modeling strategies have been developed.

Traditional physics-based parametric models aim to replicate

real-world processes, while purely data-driven methods train neural net­

works directly on measured or simulated data using supervised learning. 

Haykin [13]

Artificial Neural Networks (ANNs) are computational models in­

spired by biological neural structures. They consist of layers of in­

terconnected neurons that process inputs through weighted sums and 

nonlinear activation functions. Training adjusts weights and biases via 

optimization algorithms like backpropagation to minimize prediction er­

rors. This allows ANNs to approximate complex, nonlinear relationships 

between inputs and outputs, making them powerful tools for model­

ing physical systems from data. Haykin [13] Among these data-driven 

approaches, artificial neural networks (ANNs) have emerged as the most 

widely used class of models.

Physics-Informed Neural Networks (PINNs) combine traditional 

physics modeling with data-driven approaches to improve accuracy. 

Introduced by Raissi et al. [14–17], PINNs embed physical laws directly 

into the neural network’s loss function as regularization terms. This 

constrains the solution space by penalizing deviations from governing 

equations, resulting in more physically consistent approximations.

Although PINNs are promising, research on their application, espe­

cially to PEMFCs, remains limited:

• Temperature fluctuation prediction in PEM electrolyzers [18].

• Hydrodynamic cyclo-voltammetry applications [19,20].

• Remaining useful life prediction of PEMFCs [21].

Other approaches include:

• Adaptive Neuro-Fuzzy Inference System (ANFIS) models for 

PEMFC performance, which combine neural networks and fuzzy 

logic for enhanced modeling capabilities. [22,23].

• Artificial Neural Network (ANN)-based modeling of hydrogen flow 

and voltage characteristics [24–26].

Beyond the above approaches, several studies have employed 

machine-learning models as surrogates for PEMFC performance and 

degradation. Feed-forward artificial neural networks have been used to 

predict stack voltage and current from operating conditions for com­

mercial PEM fuel cell systems and laboratory cells, demonstrating that 

data-driven models can capture nonlinear performance characteristics 

with good accuracy [27,28]. More advanced architectures, including 

recurrent neural networks such as LSTM and transformer-based mod­

els, have been applied to forecast PEMFC performance and degradation 

trajectories from time-series data [29–31]. These works underline the 

potential of machine learning for fast PEMFC performance prediction, 

but they typically focus on system-level or stack-level metrics and re­

quire extensive labelled data for each operating configuration, rather 

than providing spatially resolved information inside the gas channels or 

generalizing across different geometries.

In parallel, physics-informed neural networks have been developed 

for a range of transport and fluid-mechanical problems. For incompress­

ible flows, NSFnets and related PINN formulations have been proposed 

to solve the Navier–Stokes equations directly, covering laminar and 

turbulent regimes [32,33]. Further studies have extended PINNs to 

advection–dispersion and convection-dominated convection–diffusion 

equations, with tailored loss functionals designed to improve stability 

and accuracy in challenging transport regimes [34,35]. PINNs and other 

physics-informed architectures have also been used to reconstruct high-

resolution flow fields from sparse measurement data, for example for 

cylinder wakes, and more broadly, machine learning has been explored 

for surrogate-based optimization in porous media and PEMFC flow-field 

design [36,37]. However, these studies do not address reactive, multi­

component gas transport in PEMFC channels nor the ability of PINNs 

to generalize across varying channel geometries, which is essential for 

their use as surrogate models in bipolar plate design.
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Despite the significant progress made in CFD-based analysis of 

PEMFC channel flows, the current literature exhibits several limitations 

that hinder efficient geometric design. First, CFD remains computa­

tionally expensive and is not well suited for rapid design iterations. 

Second, existing surrogate modeling approaches—primarily based on 

ANNs, ANFIS, or purely data-driven models—depend heavily on CFD 

or experimental training data and lack the ability to generalize beyond 

the geometries they were trained on. These models therefore offer lim­

ited applicability for design exploration involving parameter variations 

such as channel width.

Recent work has shown that physics-informed neural networks 

(PINNs) can reduce the dependence on labelled training data by en­

forcing PDEs directly in the loss function. PINNs have been extensively 

studied for Navier–Stokes flows, convection–diffusion problems, and 

complex transport processes. However, these studies either focus on 

simplified 1D or 2D physics, non-reactive flows, or system-level be­

havior rather than spatially resolved species and momentum transport 

in PEMFC channels. Crucially, existing studies provide no evidence re­

garding the ability of PINNs to generalize across geometric variations 

– a fundamental requirement for surrogate models used in design op­

timization. Moreover, no work to date has demonstrated mesh-free 

prediction of multicomponent, reactive PEMFC gas-channel flow fields 

using PINNs.

Based on this critical assessment of the literature, a clear research 

gap emerges: There is currently no geometry-generalizable, mesh-free 

surrogate model capable of predicting multicomponent reactive trans­

port in PEMFC gas channels without requiring CFD training data for 

every geometry.

To address this gap, we propose the following hypothesis: A physics-

informed neural network that embeds the governing transport equations 

can learn the underlying physics sufficiently well to generalize to unseen 

channel widths, thereby reducing the computational cost associated with 

full CFD simulations.

From this hypothesis, we derive the central research question of this 

work: Can a physics-informed neural network accurately predict spatially 

resolved flow and species fields in PEMFC gas channels for geometries that 

were not included during training, and can it do so with substantially reduced 

computational cost compared to CFD?

To answer this question, this study makes the following contribu­

tions: (1) Development of a mesh-free PINN framework for multicom­

ponent, reactive PEMFC channel flow that embeds species transport, 

oxygen consumption, and momentum conservation directly into the loss 

function. (2) A systematic evaluation of the PINN’s generalization ca­

pability by predicting reaction rates, mole fractions, and pressure fields 

for channel widths not included during training. (3) A quantitative com­

parison against conventional ANNs trained on CFD data, demonstrating 

superior extrapolation behavior of the PINN.

Although the PINN framework itself does not require labelled CFD 

data, a small CFD subset is used in this study solely for benchmarking 

and for demonstrating the generalization capability to unseen channel 

widths.

2 . Methodology

The overall structure of the employed PINN and the training pro­

cedure is shown in Fig. 1. The structure of this section follows the 

illustration to provide a clear and coherent description of the workflow 

used to build and implement the PINN model. The content of the petrol-

colored block Training Data Generation and the underlying CFD model 

are described in detail in Section 2.1, where the required Normalization

methodology (white-colored block) is also explained. The blue block 

PINN Model comprises a description of the implemented Deep Neural 

Network (see Section 2.2). This model contains the Physical Conservation 

Equations for the respective problem to be solved, which are further 

specified for the two physical mechanisms considered in this study in 

Section 2.4. Finally, the options for constructing the Loss Function (green 

block) and the Training Algorithms used are discussed in Section 2.3.

2.1 . Training data generation

Starting at the top left of Fig. 1, two distinct data sets extracted 

from the CFD model are imported. Rather than being combined, each 

data set is used to train an individual neural network, with one dedi­

cated to the gas channel and the other to the catalyst layer. The first 

data set contains the data from the cathode Gas Channel (GC), where 

the flow is modeled as laminar. Inside the GC of the cathode, a multi-

component mixture consisting of N2, O2, and H2O is modeled according 

to the ideal gas law. Since the amount of data in the gas channel is com­

paratively large, a single representative segment along the primary flow 

direction (𝑧-direction) is considered for analysis, while maintaining a 

fixed 𝑦-position of 6 ⋅ 10−4 m, which corresponds to the middle of the 

channel. The second data set contains data from the Catalyst Layer (CL), 

which is modeled as an infinitely thin interface between the membrane 

Fig. 1. Structure of the physics-informed neural network (PINN).
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Fig. 2. Schematic of the investigated PEMFC.

and the MPL [38]. For training the catalyst layer model, only one seg­

ment is used, which makes it possible to neglect the dependency of the 

electrical resistance on the channel length (𝑧-direction).

After importing the data it is normalized according to the z-score

𝜉 =
𝜉 − 𝜇𝜉
𝜎𝜉

(1)

𝜁 =
𝜁 − 𝜇𝜁
𝜎𝜁

(2)

where 𝜉 denotes an arbitrary input and 𝜁  an arbitrary output variable, 

respectively. 𝜇𝜉  and 𝜇𝜁  are the respective mean values, with 𝜎𝜉  and 𝜎𝜁
being the corresponding standard deviations. By normalizing the data, 

the stability of the training is improved [39]. For the quantitative evalu­

ations of the current density and the overpotential reported in this work 

for the predictive power of the PINN, the root-mean-square error (RMSE) 

is computed after de-normalizing the network outputs. Concretely, the 

network predictions 𝜁  are first transformed back to physical units via 

𝜁 = 𝜇𝜁 + 𝜎𝜁 𝜁  (cf. Eq. 17), and the RMSE is then calculated with respect 

to the corresponding CFD reference quantity in physical units.

The training data sets are based on the CFD model of a PEMFC chan­

nel developed by Toussaint et al. [38] for geometry optimization in the 

design process. The model accounts for all relevant physical mecha­

nisms of a PEMFC (see Fig. 2). Owing to the methodology proposed by 

Toussaint et al., the model enables flexible validation against different 

MEA materials through two fitting parameters. Furthermore, each geom­

etry parameter of the MEA and channel can be freely specified, making 

the model well suited as a high-resolution data basis for the surrogate 

PINN model developed in this work. The model is set up to operate in a 

stationary regime and only considers half of the gas channel due to the 

symmetry boundary condition. 

This detailed model captures the transport and electrochemical pro­

cesses within the channel. In the present study, a hydrogen-air fuel cell 

is considered, where hydrogen serves as the reducing agent (fuel) at the 

anode and oxygen from air as the oxidizing agent at the cathode. The 

net reaction of the PEMFC can be expressed as [6]:

H2 +
1
2
O2 = H2O. (3)

Both hydrogen and air continuously flow through their respective 

gas channels of the bipolar plate. Their pressure distribution and flow 

dynamics are described by the continuity equation and the momentum 

balance [40]:

∇ ⋅ 𝒗 = 0 (4)

𝜌 𝒗 ⋅ ∇𝒗 = −∇𝑝 + 𝜇∇2𝒗 (5)

Here, ∇ denotes the Nabla operator, 𝜌 the density of the ideal gas mix­

ture, 𝒗 = (𝑢, 𝑣,𝑤)⊤ the velocity vector, 𝑝 the pressure, and 𝜇 the dynamic 

viscosity. Due to the stationary operating point in the CFD model, the 

temporal dependencies of Eqs. (4) and (5) have already been omitted 

and will be omitted in further equations.

While the fluids flow through the GC, they diffuse through their GDL 

and MPL toward the CL. The diffusion process inside the GC is captured 

by the species transport balance

𝒗 ⋅ ∇𝑌𝑖 = 𝐷𝑖 ∇2𝑌𝑖 , (6)

where 𝑌𝑖 denotes the mass fraction of species 𝑖. Bird and Stewart [40]

At the CL the electrochemical reactions occur. At the anode, hydro­

gen undergoes the hydrogen oxidation reaction (Hydrogen Oxidation 

Reaction (HOR)), producing protons and electrons as described in Eq. 

(7). The proton-conductive PEM allows for the diffusion of H+ from the 

Anode Catalyst Layer (ACL) to the Cathode Catalyst Layer (CCL). The 

electrons are conducted by the porous layers and Bipolar Plate (BPP) in 

the opposite direction of the protons from ACL to CCL (cf. Fig. 2). The 

Oxygen Reduction Reaction (ORR) on the cathode (Eq. 8) recombines 

the electrons and protons with oxygen to form water H2O [6,41,42].

H2 ←←←←←←←←←←←←←←←←←→ 2H+ + 2 e− (7)

1
2
O2 + 2H+ + 2 e− ←←←←←←←←←←←←←←←←←→ H2O (8)

The kinetics of the electrochemical reactions (cf. Eqs. (7) and (8)) 

are modeled by the Butler-Volmer equation which relates the current 

density 𝑗 with the overpotential 𝜂. For the cathode, the Butler-Volmer 

equation takes the following form [43]:

𝑗 = 𝑗0

(

𝑐O2

𝑐O2 ,ref

)𝛾O2
⋅
[

exp
(

𝛼𝑎 𝐹 𝜂
𝑅𝑇

)

− exp
(

−
𝛼𝑐 𝐹 𝜂
𝑅𝑇

)]

(9)

Here, 𝑗0 denotes the exchange current density, 𝑇  the temperature, 𝑐O2
 the 

oxygen concentration at the CL, and 𝑐O2 ,ref = 1 kmol∕m−3 its reference 

value. Because temperature variations are small in the operating regime 

considered, the temperature is set to a constant value 𝑇 = 353.15 K. 𝐹
and 𝑅 are the Faraday constant and the ideal gas constant, respectively. 

𝛾O2
 denotes the reaction order, and 𝛼𝑎 as well as 𝛼𝑐  are modeling parame­

ters to balance the backward and forward reaction directions. Here, only 

the cathode is considered, as it has the lower reaction rate and therefore 

limits the current density.

Since the Operating Point (OP) is not close to equilibrium, the sec­

ond exponential term in Eq. (9) can be neglected, resulting in the Tafel 

equation [44]

𝑗 = 𝑗0

(

𝑐O2

𝑐O2 ,ref

)𝛾O2
exp

(

𝛼𝑎 F 𝜂
𝑅𝑇

)

. (10)

The exchange current density 𝑗0 is modeled by [45,46]

𝑗0 = 𝑗ref
0 𝑎CL

( 𝑝O2

𝑝ref

)𝛾
⋅ exp

(

− 𝐸
𝑅𝑇

[

1 − 𝑇
𝑇ref

])

, (11)

an Arrhenius equation with the activation energy 𝐸 = 72.4 kJ mol−1 and 

reference temperature 𝑇ref = 298.15 K. The reference exchange current 

density is determined based on the methodology developed by Toussaint 
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et al. [38] to 𝑗ref
0 = 3.32 A∕cm−2. Both the platinum loading 𝑎CL and 

the pressure dependence 𝛾 equal unity. The reference pressure is 𝑝ref =
1.013 ⋅ 105 Pa. 𝑝O2

, the oxygen partial pressure, can be determined based 

on the pressure 𝑝 and the molar fraction of oxygen 𝑋O2
 (see detailed 

calculation in the appendix in Appendix A.1)

Since the Tafel equation (cf. Eq. 10) combines two unknowns, the 

definition of the overpotential 𝜂 is used

𝜂 = −𝑈eq − 𝑅el 𝐴geom 𝑗 (12)

to enable the determination of 𝜂 and 𝑗, provided that 𝑗0, 𝑐O2
, and 𝑈eq are 

known. Here, 𝑈eq denotes the equilibrium potential, 𝑅el the electrical 

resistance of the cell, and 𝐴geom the geometric area of the MEA. The 

electrical resistance 𝑅el is not a single material property but results from 

the series connection of several partial resistances within the cell. It is 

composed of the ohmic resistance of the BPPs and the GDL, as well as 

the contact resistances at the interfaces between these components.

When analyzed, the electrical resistance showed a significant de­

pendence on the cell width (𝑦). This analysis was conducted by first 

rewriting Eq. (12)

𝑅el = −
𝜂CFD + 𝑈CFD

eq

𝐴geom 𝑗CFD
(13)

and plotting the resulting distribution of the electrical resistance in 

Fig. 3. It should be noted that the data used in Eq. (13) is directly 

provided by the CFD.

Fig. 3(a) shows the distribution of the electrical resistance across the 

entire CL. The solid black line separates regions where the GDL is in con­

tact with either the gas channel or the rib. In Fig. 3 and (b), the segment 

used for training is highlighted. Within this segment, the strong depen­

dence of the electrical resistance on the cell width 𝑦 is clearly visible. The 

higher values beneath the ribs originate mainly from the increased con­

tact resistance between the GDL and the bipolar plate in these regions, 

which dominates the total resistance [47]. In contrast, the contact resis­

tance beneath the channels is lower, resulting in smaller overall values. 

A weak dependence on the channel length 𝑧 can also be observed, but it 

is neglected in the following, although it is more pronounced in the full 

distribution shown in Fig. 3(a).

To model the electrical resistance, its values are plotted as a function 

of the cell width 𝑦 for 𝑧 = 125 mm in Fig. 3(c). This data can be perfectly 

approximated by a fifth-order polynomial

𝑅el(𝑏, 𝑦) = 𝑎5(𝑏) 𝑦5 + 𝑎4(𝑏) 𝑦4 + 𝑎3(𝑏) 𝑦3 + 𝑎2(𝑏) 𝑦2 + 𝑎1(𝑏) 𝑦 + 𝑎0(𝑏) (14)

in 𝑦 direction, since the data and model in fig. 3(c) are in perfect agree­

ment. The coefficients of the polynomial 𝑎0,… , 𝑎5 depend on the channel 

width 𝑏. Some of them are summarized in Table 1. The entirety of the 

coefficients can be found in Table A.7.

2.2 . PINN model

In the subsequent step, the normalized data is used to train the 

PINN. It consists of an input layer that receives the directions 𝜉 =
(

𝜉1, 𝜉2, 𝜉3, 𝛼
)𝑇 = (𝑥, 𝑦, 𝑧, 𝛼)𝑇  as inputs. To enable the PINN to represent a 

wide range of boundary or input conditions, an additional input param­

eter 𝛼 is introduced. The parameter 𝛼 acts as an explicit predictor that 

encodes scenario-specific settings, such as boundary values, inlet veloc­

ity profiles, or geometric properties. In practice, 𝛼 can be provided as a 

single scalar value that uniquely identifies the respective scenario. This 

allows the network to distinguish between data sets originating from dif­

ferent operating conditions, so that variations in, for example, boundary 

conditions or inlet velocities can be represented within a single trained 

model. The outputs of the input layer then pass through a defined num­

ber of hidden layers and neurons in each. At the end, the output layer 

provides the predicted variables 𝜁1, 𝜁2,… , 𝜁𝑚 which represent the physi­

cal quantities of interest depending on the specific problem. The output 

Fig. 3. Electrical resistance for (a) the entire CL, (b) the training segment, and 

(c) the electrical resistance and the model values at channel length 𝑧 = 125 mm

for the CFD data set with channel width 𝑏 = 0.687388 mm.

Table 1 

Coefficients for the resistance polynomial in Eq. (14) for differ­

ent channel widths 𝑏. Note that the channel width 𝑏 = 0.69 mm

represents the CFD data for 𝑏 = 0.687388 mm, as all values 

are rounded to the second decimal place. The full-precision 

coefficients for all channel widths 𝑏 can be found in Table A.7.

Coefficient Channel width 𝑏 [mm]

0.4 0.69 1.1

𝑎5 2.77 ⋅ 1015 8.65 ⋅ 1014 6.45 ⋅ 1014

𝑎4 −1.52 ⋅ 1012 −1.06 ⋅ 1012 −2.13 ⋅ 1011

𝑎3 −1.32 ⋅ 109 −5.68 ⋅ 108 −8.05 ⋅ 108

𝑎2 1.69 ⋅ 106 9.53 ⋅ 105 2.26 ⋅ 105

𝑎1 −9.86 ⋅ 102 −1.14 ⋅ 102 5.00 ⋅ 102

𝑎0 5.82 ⋅ 10−1 2.70 ⋅ 10−1 3.79 ⋅ 10−1

layer can include the pressure 𝑝, velocities 𝑢, 𝑣,𝑤, oxygen mass fraction 

𝑌O2
, overpotential 𝜂, and more quantities such as the reaction rate if the 

catalyst layer is investigated. This architecture is illustrated in Fig. 4.

The PINN model itself is also saved and subsequently used both to 

visualize its progress in replicating the supplied data and to predict new 

data. 

The activation function for each neuron is the hyperbolic tangent tanh, 

as it is smooth, infinitely differentiable, and symmetric around zero, 
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Fig. 4. Architecture of the PINN model.

Fig. 5. Methodology to build the loss function.

which ensures stable gradient computation and efficient training when 

computing higher-order derivatives via automatic differentiation. Its 

bounded range and smooth derivatives make it particularly suitable for 

representing solutions to PDEs without introducing numerical instabil­

ities. Gnanasambandam et al. [48] The network weights are initialized 

with the Glorot uniform initializer to maintain balanced variance across 

layers, and biases are initialized to zero. L2 regularization with a factor 

of 0.01 is applied to mitigate overfitting. The architecture comprises 𝐿
fully connected hidden layers. Glorot and Bengio [49]

2.3 . Loss function and training algorithm

In the context of solving governing equations of physical systems 

with neural networks, three different strategies for constructing the loss 

function can be distinguished (cf. Fig. 5):

Loss function with combined losses (inverse formulation). In this formula­

tion [50–52] (see Fig. 5a), the loss function consists of two contributions: 

a physics-informed loss term and a data loss term.

The physics-informed loss term L𝑖 is defined via the residuals of the 

governing equations, which depend on the specific physical application 

(e.g., gas flow in the channels (cf. Section 2.4.1) or electrochemical 

reactions in the catalyst layer (cf. Section 2.4.2)). L𝐵𝐶,𝑖 quantifies the 

contribution of the physical loss arising at the boundaries. These residu­

als are evaluated by inserting the gradients of the network outputs with 

respect to the inputs, computed efficiently and exactly via automatic 

differentiation, into the corresponding equations.

The data loss LData quantifies the discrepancy between the predicted 

network outputs 𝜻̂𝑘 = (𝑝, 𝑢, 𝑣, 𝑤, 𝑌O2
, 𝜂,…)⊤ and the reference data 𝜻̂𝐶𝐹𝐷

𝑘
(typically obtained from high-fidelity CFD simulations or experiments) 

and is defined as

LData = 1
𝑁

𝑁
∑

𝑖=1

‖

‖

‖

𝜻̂𝐶𝐹𝐷
𝑘 − 𝜻̂𝑘

‖

‖

‖

2

2
(15)

where 𝑁  denotes the number of data points.

While this strategy allows the network to simultaneously exploit 

data and physics, it leads to a competition between both contribu­

tions: the data loss pushes the model toward reproducing the reference 

data, whereas the physics-informed part enforces consistency with the 

governing laws. Finding a suitable balance remains a challenge. [53,54]

Loss function with physical conservation equations (forward formulation). 

In this approach (see Fig. 5b), the network is trained exclusively on 

the residuals of the governing equations and boundary conditions, 

thereby avoiding the competition problem of the combined formulation. 

Together with the boundary values L𝐵𝐶  at the specified domain, they 

form the physics-informed loss term, which serves as the fundamental 

loss function in this training process [17,55,56]. This purely physics-

based forward formulation is therefore adopted in the present work. 

CFD simulation data are only employed for (i) model validation and 

(ii) benchmarking against conventional ANN models, which rely on su­

pervised learning using CFD reference fields. This distinction clarifies 

that the PINN learns the physics directly, whereas the ANN requires 

CFD-based training data.

Loss function with data loss only. For completeness, a purely data-driven 

network is also considered (see Fig. 5c), where the loss function con­

sists solely of the data loss term Eq. (15). This conventional approach 

disregards physical consistency but provides a baseline to highlight the 

advantages of physics-informed formulations. Zhou and Xu [57]

Training algorithm and weighting factors. Independent of the chosen 

loss formulation, the training process is divided into two phases using 

different optimizers and hardware: Initially, the Adam optimizer [58] 

runs on the Graphics Processing Unit (GPU), adapting weights and 

biases via backpropagation on mini-batches. This accelerates conver­

gence by frequently updating the loss gradient. Once convergence is 

reached, training is continued with the L-BFGS optimizer [59] on the 

entire dataset using the CPU, allowing for more precise parameter refine­

ment. To ensure reproducibility of all reported results, a fixed random 

seed of 12,345 was used for network initialization, batch shuffling, 

and optimizer-related stochastic processes in both the ANN and PINN 

training.

During the Adam phase, training is performed using mini-batches to 

reduce GPU memory consumption and enable efficient parallelization. 

For the gas channel model, mini-batches consist exclusively of collo­

cation points, while all boundary points are evaluated in every epoch. 
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Batch sizes are chosen as large as possible within the available GPU 

memory limits (cf. Table 4). In contrast, the L-BFGS optimizer operates 

on the full dataset and is therefore executed on the CPU, as it requires re­

peated evaluation of the complete loss function and its gradients, which 

is not memory-efficient on the GPU.

In PINNs, the different loss contributions (data, physics residuals, 

boundary values) can vary significantly in scale. To prevent certain 

terms from dominating training, weighting factors 𝜔𝑖, 𝜔𝐵𝐶,𝑖, and 𝜔Data

are introduced. These weights balance the contributions, stabilize con­

vergence, and improve the predictive accuracy of the model [60,61].

For both the ANN and PINN, training of the catalyst layer models 

is terminated after reaching a predefined maximum number of itera­

tions. For the gas channel models, training with the Adam optimizer is 

likewise stopped after the maximum number of iterations, whereas the 

subsequent L-BFGS optimization is terminated once the total loss drops 

below 10−4.

2.4 . Application-specific implementations

The PINN framework described in the previous sections is designed 

to be highly general and capable of representing a wide range of physical 

scenarios. In the following, two specific aspects relevant to the PEMFC 

are presented to demonstrate how the generic model can be adapted 

to particular modeling tasks. The first application focuses on gas flow 

modeling within the cell, while the second addresses the electrochemical 

reaction processes in the catalyst layer.

It is important to distinguish between the role of CFD data in the 

gas channel and in the catalyst layer modeling. For the gas channel, 

CFD data are used exclusively to prescribe boundary conditions at the 

domain boundaries. The interior solution of the gas channel is learned 

solely from the residuals of the governing equations using collocation 

points, without employing CFD field data as training targets.

2.4.1 . Gas flow modeling

The gas flow inside the GC is described by the continuity equation, 

momentum balance, and species transport (cf. Eqs. 4–6). However, to 

make the solution of these PDEs unique, boundary conditions need to be 

supplied as well. For that, the entire CFD data set T  containing 𝑁T = |T |

data points is split into two disjoint sets T = R ∪ S, as shown in Fig. 6. 

The set of collocation points R is used to evaluate the loss of the PDEs. 

The boundary conditions are enforced on all boundary points of their 

respective set S. For the gas channel data set, the CFD mesh consists 

of 4950 points in total. Of these, 990 points (approximately 20 %) are 

classified as boundary points S, while the remaining 3960 points are 

used as collocation points R. Boundary points are identified based on 

their proximity to the domain extrema, where all points located within 

1 % of the minimum or maximum coordinate in each spatial direction 

are considered boundary points. 

To combine the PINN with these physical equations, a loss-term is 

formulated for each equation. As aforementioned, the inputs and out­

puts of the neural network are normalized according to the z-score 

(cf. Eqs. (1) and 2). Therefore, the partial derivatives determined with 

Automatic Differentiation (AD) share the normalized scale of the PINNs 

outputs. To maintain the consistency of the physical equations, the 

partial derivatives need to be scaled. Rewriting Eqs. (1) and (2) leads 

to

𝜉 = 𝜇𝜉 + 𝜎𝜉 𝜉 (16)

𝜁 = 𝜇𝜁 + 𝜎𝜁 𝜁 (17)

which results in the following scaling for the first partial derivatives:

𝜕𝜁
𝜕𝜉

=
𝜕
(

𝜇𝜁 + 𝜎𝜁 𝜁
)

𝜕
(

𝜇𝜉 + 𝜎𝜉 𝜉
)
=

𝜎𝜁
𝜎𝜉

𝜕𝜁
𝜕𝜉

(18)

Fig. 6. Split CFD data set for the gas channel into boundary and collocation 

points.

Similarly, the second partial derivatives are scaled:

𝜕2𝜁
𝜕𝜉2

=
𝜎𝜁
𝜎2𝜉

𝜕2𝜁
𝜕𝜉2

(19)

Rewriting Eqs. (4)–6 such that they each equate to zero and combin­
ing them with Eqs. (18) and (19) results in the following loss terms for 
all collocation points 𝑟 ∈ R:

L𝑟
Con

=
𝜎𝑢
𝜎𝑥

𝜕𝑢̂𝑟
𝜕𝑥̂𝑟

+
𝜎𝑤
𝜎𝑧

𝜕𝑤̂𝑟

𝜕𝑧̂𝑟
(20)

L𝑟
Mom,𝑥 =

𝜎𝑥
𝜎𝑝

𝜎𝑢

[

𝑢𝑟
𝜎𝑥

𝜕𝑢̂𝑟
𝜕𝑥̂𝑟

+
𝑤𝑟

𝜎𝑧

𝜕𝑢̂𝑟
𝜕𝑧̂𝑟

]

−
𝜎𝑥
𝜎𝑝

𝜎𝑢
Re

[

1
𝜎2
𝑥

𝜕2𝑢̂𝑟
𝜕𝑥̂2𝑟

+ 1
𝜎2
𝑧

𝜕2𝑢̂𝑟
𝜕𝑧̂2𝑟

]

+
𝜕𝑝̂𝑟
𝜕𝑥̂𝑟

(21)

L𝑟
Mom,𝑧 =

𝜎𝑧
𝜎𝑝

𝜎𝑤

[

𝑢𝑟
𝜎𝑥

𝜕𝑤̂𝑟

𝜕𝑥̂𝑟
+

𝑤𝑟

𝜎𝑧

𝜕𝑤̂𝑟

𝜕𝑧̂𝑟

]

−
𝜎𝑧
𝜎𝑝

𝜎𝑤
Re

[

1
𝜎2
𝑥

𝜕2𝑤̂𝑟

𝜕𝑥̂2𝑟
+ 1

𝜎2
𝑧

𝜕2𝑤̂𝑟

𝜕𝑧̂2𝑟

]

+
𝜕𝑝̂𝑟
𝜕𝑧̂𝑟
(22)

L𝑟
Spe

=
𝑢𝑟
𝜎𝑥

𝜕𝑌𝑖,𝑟
𝜕𝑥̂𝑟

+
𝑤𝑟

𝜎𝑧

𝜕𝑌𝑖,𝑟
𝜕𝑧̂𝑟

− 1
Pe𝑖

[

1
𝜎2
𝑥

𝜕2𝑌𝑖,𝑟
𝜕𝑥̂2𝑟

+ 1
𝜎2
𝑧

𝜕2𝑌𝑖,𝑟
𝜕𝑧̂2𝑟

]

(23)

Since the data set for the GC is constant in 𝑦, its derivatives with re­

spect to 𝑦 are not shown here. Note that Eqs. (21) and (22) were each 

multiplied by the inverse scaling of the pressure gradient, i.e., 𝜎𝑥∕𝜎𝑝
and 𝜎𝑧∕𝜎𝑝, to reduce the order of magnitude of the loss. Furthermore, 

the Reynolds-number Re = 𝜌̄ 𝑤ref 𝐿ref∕𝜇̄ and the Péclet-number Pe𝑖 =
𝑤ref 𝐿ref∕𝐷̄𝑖 were introduced to balance the scales of the convective and 

diffusive terms in Eqs. (21)–(23). 𝑤ref = 10 m∕s−1 and 𝐿ref = 5 × 10−2 m

denote the reference velocity and reference length in the main flow di­

rection (𝑧-direction), respectively. They both use average parameters 𝜅̄
(𝜅 = 𝜌, 𝜇,𝐷𝑖) that are averaged over the 𝑁T  data points of the CFD data 

set:

𝜅̄ = 1
𝑁T

𝑁T
∑

𝑡=1
𝜅𝑡 (24)

The boundary conditions are evaluated for each boundary point 𝑠 ∈ S
as follows:

L𝑠
BC,𝑢 = 𝑢CFD

𝑠 − 𝑢𝑠 (25)

L𝑠
BC,𝑤 = 𝑤CFD

𝑠 −𝑤𝑠 (26)

L𝑠
BC,𝑝 = 𝑝CFD

𝑠 − 𝑝𝑠 (27)

L𝑠
BC,𝑌O2

= 𝑌 CFD
O2 ,𝑠

− 𝑌O2 ,𝑠 (28)
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Table 2 

Loss weighting for Eq. (31). Note that the weights 

in the code 𝜆𝑙 are the inverse of the weighting 

factors presented here 𝜆𝑙 = 𝜔−1
𝑙 . This is because 

in the code the weighting is done by dividing the 

loss-Mean Squared Errors (MSEs) by the weights 

instead of multiplying them.

Loss Component 𝑙 Weighting factor 𝜔𝑙

Con 1 ⋅ 10−1

Mom, 𝑥 1 ⋅ 102

Mom, 𝑧 1 ⋅ 102

Spec 1 ⋅ 10−3

BC, 𝑢 5 ⋅ 101

BC, 𝑤 5

BC, 𝑝 1 ⋅ 10−4

BC, 𝑌O2
1 ⋅ 105

The physical losses and boundary losses for all of their respective 

data points are then squared and averaged using the Mean Squared Error 

(MSE). For the physical losses subsets of the collocation points RBatch,𝑘 ⊆
R, 𝑘 = 1,… , 𝑛 with their respective number of data points 𝑁Batch,𝑘 =
|RBatch,𝑘| are used for the mini-batches during each epoch of the training 

with the Adam optimizer.

L𝑙 =
1

𝑁Batch,𝑘

𝑁Batch,𝑘
∑

𝑟=1

(

L𝑟
𝑙
)2, (29)

with: 𝑟 ∈ RBatch,𝑘, 𝑘 = 1,… , 𝑛

Here, 𝑙 denotes the different losses. The optimization with L-BFGS uses 

the entire set of collocation data points, i.e., RBatch = R.

During the entire training, the MSE of the boundary losses uses all 

boundary points 𝑁S = |S|.

LBC,𝑙 =
1
𝑁S

𝑁S
∑

𝑠=1

(

L𝑠
BC,𝑙

)2
(30)

By training with the boundary loss during each epoch and iteration of 

Adam and L-BFGS, respectively, the PINN is able to learn the correct 

solution more easily, since fulfilling the boundaries is a vital part of 

learning said solution.

At last, the total loss is determined as a weighted sum of the physical 

losses and the boundary losses:

LTot = 𝜔Con LCon + 𝜔Mom,𝑥 LMom,𝑥 + 𝜔Mom,𝑧 LMom,𝑧 + 𝜔Spec LSpec

+ 𝜔BC,𝑢 LBC,𝑢 + 𝜔BC,𝑤 LBC,𝑤 + 𝜔BC,𝑝 LBC,𝑝 + 𝜔BC,𝑌O2
LBC,𝑌O2

(31)

Here, weighting factors 𝜔𝑙 and 𝜔𝐵𝐶,𝑙 are introduced to balance the 

contributions of the individual loss components. Their values were deter­

mined heuristically by trial and error and are summarized in Table 2. In 

PINNs, individual loss components such as data, physical, and bound­

ary losses can vary greatly in scale. Without proper weighting, some 

terms may dominate training, leading to an imbalance. Weighting fac­

tors 𝜔 balance these terms, promoting stable convergence and improved 

model accuracy.

Fig. 7 illustrates the training process for the entire gas channel, where 

the learning of CFD data is solely prescribed through the boundary con­

ditions, as described above. The remaining collocation points are trained 

purely based on physics, relying on the minimization of conservation 

equation residuals. The imposed boundary conditions enable the PINN 

to learn the velocity gradients (in the vicinity of the cells walls) early 

on. This can be seen by the well captured boundary layer (dark blue) by 

iteration 70 (cf. Fig. 7(a). In contrast, the core flow requires more time 

during the training process to be accurately learned from the underly­

ing physics. Furthermore, it is noticeable that the flow is first learned 

in the outlet region (epochs 150–2000 (cf. Figs. 7b and c), before the 

remaining inlet region is captured (up to epoch 18,000 (cf. Fig. 7d).

2.4.2 . Electrochemical reaction modeling

The electrochemical reactions take place on the catalyst layer. Since 

only algebraic equations are used to model the electrochemical reac­

tions, the entire CFD data set Tcat is used for the training. Similar to the 

process in the GC, Eqs. (10) and (12) are rewritten to evaluate to zero. 

The losses for all 𝑡 ∈ Tcat then read:

L𝑡
Surf

= 𝜂𝑡 + 𝑈CFD
eq,𝑡 + 𝑅el,𝑡 𝐴geom 𝑗𝑡 (32)

L𝑡
Rea

= ln
(

𝑗𝑡
𝑗0,𝑡

)

− 𝛾O2
ln
⎛

⎜

⎜

⎝

𝑐CFD
O2 ,𝑡

𝑐O2 ,ref

⎞

⎟

⎟

⎠

−
𝛼𝑎 𝐹 𝜂𝑡
𝑅𝑇

(33)

L𝑡
Width

= 𝑏CFD
𝑡 − 𝑏𝑡 (34)

The loss containing the channel width 𝑏 (cf. Eq. (34)) is included to 

enforce the learning of the width dependencies on Eqs. (32) and (33) if 

more than one width is supplied during training. Since only the algebraic 

equations (cf. Eqs. 32–34) are used to train the PINN to accurately model 

𝑗 and 𝜂, the other quantities, such as the equilibrium voltage 𝑈CFD
eq,𝑡 , ex­

change current density 𝑗0,𝑡, and oxygen concentration 𝑐CFD
O2 ,𝑡

 are directly 

supplied by CFD data. Eqs. (11), (14) and (A.1)–(A.3) are solved at each 

data point 𝑡 with the CFD data as well:

𝑗0,𝑡 = 𝑗ref
0

( 𝑝O2 ,𝑡

𝑝ref

)𝛾
exp

(

− 𝐸
𝑅𝑇

[

1 − 𝑇
𝑇ref

])

(35)

𝑝O2 ,𝑡 = 𝑝CFD
𝑡 𝑋O2 ,𝑡 (36)

𝑋O2 ,𝑡 =
𝑀𝑡
𝑀O2

𝑌 CFD
O2 ,𝑡

(37)

𝑀𝑡 =
⎛

⎜

⎜

⎝

𝑌 CFD
H2 ,𝑡

𝑀H2

+
𝑌 CFD
O2 , t

𝑀O2

+
𝑌 CFD
H2O,𝑡

𝑀H2O
+

𝑌 CFD
N2 ,𝑡

𝑀N2

⎞

⎟

⎟

⎠

−1

(38)

𝑅el,𝑡(𝑏𝑡, 𝑦𝑡) = 𝑎5(𝑏𝑡) 𝑦5𝑡 + 𝑎4(𝑏𝑡) 𝑦4𝑡 + 𝑎3(𝑏𝑡) 𝑦3𝑡 + 𝑎2(𝑏𝑡) 𝑦2𝑡 + 𝑎1(𝑏𝑡) 𝑦𝑡 + 𝑎0(𝑏𝑡)
(39)

Fig. 7. Prediction of the main flow velocity 𝑤 by the PINN after (a) 70 epochs, (b) 150 epochs, (c) 2000 epochs, and (d) 18,000 epochs.
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Table 3 

Loss weighting for Eq. (41). Note that the weights 

in the code 𝜆𝑙 are the inverse of the weighting 

factors presented here 𝜆𝑙 = 𝜔−1
𝑙 . This is because 

in the code the weighting is done by dividing 

the loss-MSEs by the weighting factors instead of 

multiplying them.

Loss Component 𝑙 Weighting factor 𝜔𝑙

Surf 1

Rea 1

Width 1 ⋅ 108

Analogously to the GC, all losses are first squared and averaged using 

the MSE

L𝑙 =
1

𝑁Batch,𝑘

𝑁Batch,𝑘
∑

𝑡=1

(

L𝑡
𝑙
)2 , (40)

with: 𝑡 ∈ TBatch,𝑘, 𝑘 = 1,… , 𝑚

with TBatch,𝑘 ⊆ Tcat for 𝑘 = 1,… , 𝑚 and 𝑁Batch,𝑘 = |TBatch,𝑘|. The equal­

ity holds for TBatch = T  when using the L-BFGS optimizer. The Adam 

optimizer, again, works with mini-batches. The total loss combines the 

individual MSEs of the loss terms into a weighted sum:

LTot = 𝜔Surf LSurf + 𝜔Rea LRea

(

+𝜔Width LWidth

)

(41)

The term in parentheses is only included when predictions across 

multiple channel widths are performed, whereas it is omitted for re­

production cases. The determined weighting factors are summarized in 

Table 3. The comparatively large weighting factor of the channel width 

results from the different orders of magnitude of the involved variables. 

While the width itself is in the range of 10−4–10−3 m, the prediction 

error is already small (10−7–10−8), whereas the residuals of the other 

equations are typically 100–10−1. Similar discrepancies occur for the gas 

channel boundary conditions, with pressure in the order of 10−4 and 

oxygen mass fraction around 105. Hence, the scaling factors primarily 

reflect the physical magnitudes of the variables and the formulation of 

the equations.

For the catalyst layer, the PINN is trained using algebraic physical 

relations describing the electrochemical reactions. Some quantities en­

tering these relations, such as the equilibrium potential and the oxygen 

concentration at the catalyst layer, are taken directly from CFD data. 

This is necessary since the corresponding transport processes inside the 

porous layers are not explicitly modeled in the present study.

Table 4 

Best hyperparameter values found in the hyperparameter 

studies in Section 3.1 for both datasets.

Hyperparameter Value

Gas channel Catalyst layer

Epochs Adam Optimizer 12000 200

Iterations L-BFGS Optimizer 6090 50

Batch size 1000 1400

Learning rate 1 ⋅ 10−3 1 ⋅ 10−3

Layers 10 1

Neurons 15 5

3 . Results

3.1 . Hyperparameter studies

Parameters are considered hyperparameters of a Neural Network 

(NN) if they can be set by the modeler to change the behavior of the 

ANN. Two types of hyperparameters exist. Algorithm hyperparameters 

characterize the optimizer. They include the number of iterations, batch 

size, and learning rate. Model hyperparameters describe the topology of 

the ANN, namely the number of hidden layers and the neurons per hid­

den layer. Here, all of them are varied separately (cf. Fig. 8). Figs. 8(a) 

and (b) show the final loss and training time for PINN models of the GC 

and CL for different hyperparameter combinations.

The choice of hyperparameters does not only affect the training dy­

namics of an NN, but also strongly depends on the underlying physical 

modeling task. For example, training an PINN to approximate gas flow 

including species transport is considerably more demanding than mod­

eling the Butler–Volmer kinetics in the catalyst layer, since transport 

equations involve more complex spatial relationships. Consequently, the 

optimal parameter set is problem-specific, and a universal configuration 

of hyperparameters cannot be defined.

Generally, a smaller learning rate (i.e., of the order of magnitude 

10−3) increases the stability of the training. This is because too high val­

ues (i.e., of the order of magnitude 0.01) for the learning rate lead to the 

optimizer overshooting the optimal solution. Conversely, very low learn­

ing rates (i.e., of the order of magnitude 10−7) slow down convergence, 

since each step toward the optimal solution linearly decreases with the 

learning rate. Thus, the final loss can remain fairly high if the number of 

epochs and/or iterations is not increased simultaneously. The investiga­

tions further revealed that the optimal choice of learning rate depends 

on the size of the neural network (number of hidden layers and number 

of neurons per hidden layer). Regarding the batch size, the largest pos­

sible value can be chosen depending on the available hardware (GPU). 

Fig. 8. Hyperparameter Variation of (a) GC and (b) CL.
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Dividing the data into equally sized mini-batches has a strongly posi­

tive effect on the stability of the training process. Finally, the training 

duration is chosen such that the loss function reaches a desired level of 

convergence.

Varying the model parameters in the gas channel model and the cat­

alyst model affects not only the loss value but also the training time, 

which must be considered when selecting the respective parameters. For 

the modeling of the gas channel, increasing the number of hidden layers 

from 8 to 11 results in an additional training time 𝑡train of about 35 min 

without improving the model accuracy.

The corresponding optimal hyperparameter values are listed in 

Table 4. The corresponding model behavior with respect to the loss value 

after the end of training is indicated by the red star in Figs. 8(a) and (b). 

A comparison of the hyperparameters of the two models reveals that, 

due to the lower physical complexity of the catalyst layer, considerably 

less training effort is required, and the PINN architecture can be much 

smaller while still accurately capturing and learning the underlying 

physical problem. This deliberate reduction in network depth and width 

Fig. 9. Ground truth (CFD data) and PINN predictions for the (a) main flow velocity 𝑤, (b) pressure 𝑝, and (c) oxygen mass fraction 𝑌O2
 represented by a color mesh 

and a parity plot inside the gas channel. Note that for the parity plot every 75th data point is shown to enhance the visibility.

off between model accuracy and computational cost: the simpler phys­

ical formulation of the catalyst layer allows for a compact architecture 

without loss of predictive accuracy, whereas the higher-dimensional 

and strongly coupled transport problem in the gas channel necessitates 

deeper and wider networks to achieve comparable accuracy.

In addition, careful coordination of the use of the two optimizers is 

required. While the Adam optimizer is highly parallelizable due to the 

distribution of individual batches on the GPU, the L-BFGS optimizer can 

significantly increase the training time if not weighted optimally, since 

it relies solely on the CPU for training.

It is important to note that both the PINN and the ANN were trained 

for the same number of epochs and iterations. In practice, fewer epochs 

and iterations would likely suffice for the ANN, since its loss function 

only considers the discrepancy with the reference data and does not 

include multiple coupled equations as in the PINN. Furthermore, each 

iteration of the ANN is computationally faster, resulting in total training 

times that are approximately three times shorter during the Adam phase 

and 4.5 times faster during L-BFGS fine-tuning.
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Fig. 10. Ground truth (CFD data) and PINN predictions for the (a) overpotential 𝜂 and (b) current density 𝑗 represented by a color mesh and a parity plot inside the 

gas channel. Note that for the parity plot every 75th data point is shown to enhance the visibility.

3.2 . Reproductive power of the PINN and ANN

In a first step, the PINN is trained on CFD data of a single channel 

width to demonstrate its learning capabilities.

Fig. 9 shows the main flow velocity 𝑤, pressure 𝑝, and oxygen mass 

fraction 𝑌O2
 for the CFD reference data, as well as the predictions from 

the PINN and a conventional ANN. Parity plots for all three quantities are 

also shown, displaying every 75th data point to improve visibility. The 

training data corresponds to an operating point with a constant potential 

of 0.6 V applied at the end plates of the Fuel Cell (FC).

Both models were initially trained for 12,000 epochs using the Adam 

optimizer with a batch size of 1000. Subsequently, they were fine-

tuned using the L-BFGS optimizer for 6090 iterations. Overall, all three 

quantities are reproduced accurately by both models.

Along the channel length, the characteristic velocity profile in the 

main flow direction develops, with the velocity approaching zero at 

the boundaries due to the no-slip condition. A velocity gradient is also 

observed in the direction of the GDL, as diffusive species transport 

dominates in this porous medium. In addition, a nearly linear pressure 

drop of approximately Δ𝑝 = 30mbar is identified along the channel. 

Furthermore, the distribution of the oxygen mass fraction is shown ex­

emplarily. At the channel inlet, the oxygen mass fraction is about 𝑌O2
=

0.21, decreasing to approximately 𝑌O2
= 0.15 at the channel outlet near 

the GDL. A pronounced gradient of the mass fraction in the channel 

height direction can also be observed. Both effects can be attributed to 

oxygen consumption at the catalyst layer and are well reproduced by 

both the PINN and the ANN.

Similarly, Fig. 10 presents the results of the catalyst layer modeling, 

shown in terms of the overpotential 𝜂 and the current density 𝑗. The 

same operating point as for the gas channel modeling is used here, cor­

responding to a constant potential of 0.6 V applied at the end plates of 

the fuel cell. For this purpose, the corresponding equations Eqs. (32) and 

(33) are included as part of the loss function.

Table 5 

Training time 𝑡train comparison of PINN and ANN 

for a single channel width on a NVIDIA RTX 5090 

(Adam Optimizer) and an Intel i9-14900K (L-BFGS 

Optimizer). Minor differences in training time are 

attributed to optimizer convergence behavior.

PINN ANN

Gas channel 717.60 s 185.85 s

Catalyst layer 1.72 s 4.96 s

The predicted overpotential (cf. Fig. 10a) exhibits a strong correla­

tion with the previously discussed distribution of the electrical resistance 

in Fig. 3(a). However, owing to the simplification along the main flow 

direction, no pronounced gradient occurs in this case. A slight gradi­

ent remains visible in the 𝑧-direction for the overpotential, whereas the 

current density reveals an even less pronounced variation.

In Fig. 10(b) a significantly higher current density can be observed 

beneath the channel. This is due to the considerably better supply of 

reactants to the catalyst layer in this region. Since the transport of reac­

tants through the porous layers is predominantly diffusive, the regions 

beneath the ribs are much more difficult to supply with reactants com­

pared to those beneath the channels, owing to the longer diffusion paths. 

Toussaint et al. [38]

Overall, both the PINN and the ANN are highly capable of reproduc­

ing the mechanisms within the catalyst layer, as can be quantitatively 

inferred from the parity plots in Fig. 10.

Even though both the PINN and the ANN achieve comparable repro­

ductive accuracy, the training time of the PINN is significantly higher, 

as shown in Table 5. The increased training time of the PINN pri­

marily arises from additional computations, namely the calculation of 

derivatives through automatic differentiation. 
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Fig. 11. Comparison of training time and loss curve of different loss shares for reproduction of gas channel.

Table 6 

Training and evaluation channel widths used for assessing the generalization 

behavior of the ANN and PINN models. Channel widths marked as train were 

used for model training, while all others represent unseen cases evaluated 

within the training envelope.

Case Channel width 𝑏 [mm]

0.4 0.5 0.6 0.7 0.8 1.0 1.1

Two training points train train

Three training points train train train

While the PINN requires additional computations, it offers a decisive 

advantage over the ANN: the gas channel can be modeled using colloca­

tion points, without relying on training data from CFD simulations. For 

that purpose, analytical boundary conditions, such as the no-slip condi­

tion, need to be integrated. The ANN, however, inherently requires CFD 

data for its direct comparison in the loss function.

Comparing the losses of both the PINN and ANN as a function of the 

iterations in Fig. 11 shows instabilities in both models. This can be seen 

by the fluctuation of the total loss LTot during the optimization with the 

Adam optimizer. They are more pronounced in the ANN. The subsequent 

optimization with L-BFGS shows no instability. For the ANN model, this 

is a clear sign that the learning rate is in fact too high. However, for 

the PINN model this might be attributable to the PINN trying to balance 

different physical and boundary losses to achieve consistency among the 

coupled equations.

3.3 . Predictive power of the PINN and ANN

In the next step, the PINN and the ANN are trained on CFD data of 

multiple channel widths. Since the channel width strongly affects fuel 

cell performance [38], this case exemplarily highlights the potential of 

comparing both models with respect to their ability to generalize beyond 

the trained data. Hence, the overarching goal is to incorporate NNs into 

the design process by first training them on some channel widths and 

profiting from their negligible prediction time for unseen channel widths 

afterwards. Thus, an overall reduction in computational costs and/or 

time may be achievable.

For the present investigation, both the PINN and the ANN models of 

the catalyst layer are employed to predict the overall FC performance in 

potentiostatic operation at 0.6 V under variation of the channel width.

All evaluated channel widths lie within the training envelope of the 

respective training widths (see Table 6). The reported results therefore 

assess interpolation and generalization within the training envelope 

rather than extrapolation beyond the trained parameter range.

Two cases are distinguished. In both cases, the ANN is trained using 

exactly the same channel widths as the PINN, ensuring a fair comparison 

of their generalization behavior under identical training conditions. In 

Fig. 12, the models are trained for channel widths of 𝑏train = 0.4 mm

and 𝑏train = 1.1 mm. Subsequently, the prediction is extended to all 

channel widths within this interval in order to assess the interpolation 

and generalization performance for unseen cases within the training en­

velope. The figures display the validated CFD reference data (black) 

together with the model predictions, where the PINN is shown in blue 

and the ANN in orange, exemplarily for the overpotential 𝜂 (Fig. 12a) 

and the current density 𝑗VC (Fig. 12b).1 For the unseen channel widths, 

a scattering of the model predictions can be observed as shaded areas in 

the colors of their respective models. For each model, 20 independent 

training runs with different random initializations were performed. The 

shaded regions therefore represent the envelope defined by the mini­

mum and maximum predicted values across these 20 realizations for 

each channel width independently. All RMSE values are evaluated after 

de-normalization of the predicted quantities and are computed over all 

investigated channel widths shown in the respective figure. The shaded 

areas were determined by first combining the predictions of all models 

for each channel width. Then, the minimum and maximum values for 

each channel width are determined. Lastly, the shaded area is added 

between the two boundaries that connect the minimum and maximum 

values for all channel widths, respectively. Thus, the shaded area only 

illustrates what value range can be expected for each prediction as a 

function of the channel width. For the case with two training channel 

widths, both models are able to capture the overall trend of the fuel 

cell performance. However, differences in the generalization behavior 

become apparent: while the ANN achieves a slightly lower error for the 

overpotential, it exhibits larger deviations and a wider prediction range 

for the current density compared to the PINN. This indicates a less con­

sistent generalization across different physical output quantities when 

only limited training data are available.

The observed scatter in the prediction results can be attributed to 

the initialization of the network weights. In this work, the weights are 

initialized using the Glorot scheme, which samples from a uniform prob­

ability distribution. Consequently, each model starts from a different set 

of initial weights. During training, these different starting points lead 

the models to converge to distinct local minima, as the optimization is 

intentionally stopped before the global minimum is reached. While con­

vergence toward the global minimum would eventually yield identical 

1 The current density 𝑗VC is normalized to the area of the anodic voltage 

collector with 𝑗VC = 𝑗 ⋅ 𝐴geom∕𝐴VC with 𝐴VC = 1.5778 ⋅ 10−4 m2.
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Fig. 12. Prediction of fuel cell performance at 0.6 V for varying channel widths 𝑏train ∈ [0.4, 1.1]mm using a PINN (blue) and an ANN (orange), both trained only 

at 𝑏train = 0.4 mm and 𝑏train = 1.1 mm. Shown are the overpotential (a) 𝜂 (RMSE ANN = 2.155E-3; RMSE PINN = 2.004E-3) and (b) the current density 𝑗VC (RMSE 

ANN = 9.29E-3; RMSE PINN = 11.40E-3) compared to validated CFD reference data (black). Shaded areas indicate the prediction range between the best and worst 

performing case of each model for unseen channel widths.

Fig. 13. Prediction of fuel cell performance at 0.6 V for varying channel widths 𝑏train ∈ [0.4, 1.1]mm using a PINN (blue) and an ANN (orange), both trained only at 

𝑏train = 0.4 mm, 𝑏train = 0.7 mm and 𝑏train = 1.1 mm. Shown are the (a) overpotential 𝜂 (RMSE ANN = 1.15E-3; RMSE PINN = 0.97E-3) and the (b) current density 

𝑗VC (RMSE ANN = 8.63E-3; RMSE PINN = 6.59E-3) compared to validated CFD reference data (black). Shaded areas indicate the prediction range between the best 

and worst performing case of each model for unseen channel widths.

results across all models, this regime would lie in the range of overfitting 

and is therefore avoided in the present study.

Overall, the best-performing models show a high prediction accu­

racy for the respective optimal case. In addition, the prediction intervals 

reveal that the scatter for the PINN model is narrower in the current 

density prediction compared to the ANN. 

Analogously, the case shown in Fig. 13 is examined for three training 

points, including an additional intermediate channel width of 𝑏train =
0.7 mm. This results in an improved prediction accuracy, with the scatter 

of the predictions becoming significantly narrower. When three channel 

widths are used for training, both the ANN and the PINN show a similarly 

high prediction accuracy and a strongly reduced scatter. This indicates 

that, given sufficient training data, both approaches exhibit comparable 

generalization performance within the investigated parameter range.

Overall, these results show that both ANN and PINN models can 

generalize well when trained on a sufficiently representative set of chan­

nel widths. However, when the amount of training data is significantly 

reduced, the PINN demonstrates a more robust and consistent gener­

alization behavior across multiple physical quantities, highlighting its 

advantage in data-scarce scenarios.

Using three training channel widths was found to provide a favorable 

balance between prediction accuracy and computational cost, yielding 

narrow prediction intervals while still requiring only a small number of 

CFD simulations compared to a full parametric study.

Fig. 14 provides a comparative assessment of the computational 

effort required for the exemplary design study of channel width us­

ing PINNs and ANNs. It should be noted that Fig. 14 reports the 

cumulative computational effort for the complete channel width study. 

The evaluation was performed on an Intel i9-14900K CPU combined 

with an Nvidia RTX 5090 GPU. For the selected range of channel widths 

between 0.4 mm and 1.1 mm, the CFD simulations require the calcu­

lation of seven supporting points to determine the current density, 

resulting in a total computational time of 222.6 min. When using an 

ANN, CFD data for three representative points are required for training, 

and the resulting computation time is reduced by 52.9 %. In contrast, 

PINNs do not rely on precomputed CFD data but are trained using col­

location points based on the underlying physics, further reducing the 

computational effort by 65.8 % compared to the ANN. Overall, the ap­

plication of PINNs achieves a total reduction of 83.9% in computational 

time relative to the full CFD calculations. This demonstrates the high 

potential of AI, and PINNs in particular, to significantly reduce compu­

tational effort, as exemplarily shown for channel width. The approach is 

naturally transferable to other geometric parameters of a fuel cell chan­

nel, indicating substantial potential for reducing computational time 

across the entire channel design process.

4 . Limitations of the proposed PINN framework

While the proposed PINN framework demonstrates strong poten­

tial for accelerating PEMFC channel design, several limitations must 

be acknowledged. First, the present implementation is restricted to 

a two-dimensional representation of the gas channel. Although suit­

able for evaluating feasibility and generalization behavior, full three-

dimensional modeling will be required to capture secondary flow 

structures, corner effects, and realistic channel cross-sectional features.
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Fig. 14. Comparison of calculation duration for CFD, PINN and ANN for full 

channel with variation.

Second, a degree of prediction scatter was observed when applying 

the PINN to unseen channel widths. This variability results from random 

initialization of network weights, which leads individual training runs 

to converge to different local minima. More robust prediction strategies 

such as ensemble averaging, weight-space sampling, or deterministic 

initialization schemes may mitigate this effect in future work.

Third, the PINN performance depends on manually selected weight­

ing factors in the loss function. Since different physical residuals may 

differ in magnitude by several orders, inappropriate weighting can intro­

duce training imbalance or slow convergence. Adaptive loss-balancing 

strategies—such as gradient normalization, uncertainty-based weight­

ing, or inverse-Dirichlet methods—represent a promising direction for 

increasing training stability and model robustness.

Finally, while the present work focuses on gas-phase transport, fur­

ther extensions are required to represent liquid water, two-phase flow, 

and electrochemical transport coupling. Incorporating these mecha­

nisms will increase numerical stiffness and computational cost, poten­

tially requiring domain decomposition approaches such as XPINNs or 

multi-fidelity hybrid training.

5 . Conclusion

In this work, the potential of PINNs for supporting the design process 

of fuel cell geometries, with a particular focus on channel dimensioning, 

has been investigated. A PINN framework was developed to model chan­

nel flow as a multicomponent mixture with special emphasis on oxygen 

consumption. For the reproduction of CFD data, PINNs were compared 

to conventional ANNs. Although the training effort for PINNs is higher, 

they offer a decisive advantage, as they do not require CFD-based train­

ing data and can therefore be applied in cases where such data is not 

readily available. Furthermore, a representative design application was 

demonstrated by varying the channel width, a key geometric design pa­

rameter, and analyzing its impact on the current density distribution. 

The results show that, with three training support points, PINNs achieve 

accurate predictions and exhibit strong potential as a powerful tool for 

fuel cell channel design and optimization.

This study answers the central research question formulated in the 

introduction: Can a physics-informed neural network accurately predict spa­

tially resolved flow and species fields in PEMFC gas channels for geometries 

not included during training, and can it do so with substantially reduced 

computational cost compared to CFD? The findings confirm that this is in­

deed the case. The developed PINN generalizes reliably across different 

channel widths, enabling accurate predictions for unseen geometries. 

Furthermore, the achieved computational savings of approximately 

83.9% compared to full CFD simulations directly address the second part 

of the research question—demonstrating that the method significantly 

accelerates fuel-cell design iterations.

Compared to previous PEMFC surrogate modeling approaches based 

on ANNs, ANFIS models, or PINN studies in other electrochemical do­

mains, the present work provides three key advances. First, unlike 

conventional data-driven surrogates that require extensive CFD or ex­

perimental labels for each geometry, the proposed PINN embeds the 

governing transport equations directly, enabling accurate predictions 

without labelled training data. Second, in contrast to existing PINN 

applications that focus on simplified or fixed geometries, our model 

demonstrates generalization across different channel widths, addressing 

a limitation repeatedly highlighted in prior work. Third, the achieved 

computational savings of approximately 83.9% relative to full CFD sim­

ulations indicate that the PINN surrogate is well suited for iterative 

bipolar-plate and channel design, where previous methods remain too 

slow or insufficiently flexible. These improvements position the pro­

posed framework as a significant step beyond the state of the art in 

PEMFC channel-flow modeling.

Overall, the results demonstrate that the proposed PINN framework 

provides (i) accurate reproduction of gas-channel and catalyst-layer 

physics, (ii) reliable prediction capabilities across unseen geometries, 

(iii) strong robustness with reduced prediction scatter compared to 

ANNs, and (iv) substantial acceleration of the design workflow. Through 

this aggregation of results, it becomes clear that PINNs offer a unique 

combination of physical consistency, generalization capability, and com­

putational efficiency that conventional data-driven methods cannot 

achieve.

To further mature this approach toward series-ready application in 

industrial fuel-cell development, several research directions are pro­

posed. First, the presented PINN should be embedded into a broader 

design framework capable of evaluating multiple channel geometries 

in rapid succession, thereby enabling full geometry screening at signifi­

cantly reduced computational cost. Second, the PINN architecture can be 

extended to form a modular surrogate model for entire flow-field design 

families, allowing the evaluation of complex variations in channel pat­

terns and rib–channel arrangements. Third, incorporating liquid-water 

transport into the PINN formulation represents a highly impactful ex­

tension, as two-phase CFD simulations are extremely time-consuming. 

A physics-informed surrogate for liquid-water formation, transport, and 

removal would offer dramatic additional computational savings. Fourth, 

future studies may integrate PINNs with multi-objective optimization 

loops to derive application-specific channel architectures tailored to 

automotive, heavy-duty, or stationary PEMFC systems.

By addressing these aspects, future developments can leverage the 

strengths of PINNs even further and contribute to the establishment 

of fast, flexible, and physically accurate surrogate models for next-

generation PEMFC flow-field design.
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Appendix A 

A.1 . Calculation of partial pressure 𝑝O2

𝑝O2
= 𝑝𝑋O2

. (A.1)

To calculate the molar fraction of oxygen 𝑋O2
 from its mass fraction 𝑌O2

, 

the molar mass of oxygen 𝑀O2
 and the other gaseous species are needed 

to compute the molar mass of the mixture 𝑀 :

𝑋O2
= 𝑀

𝑀O2

𝑌O2
(A.2)

𝑀 =

(

𝑌H2

𝑀H2

+
𝑌O2

𝑀O2

+
𝑌H2O

𝑀H2O
+

𝑌N2

𝑀N2

)−1

(A.3)

A.2 . Data tables

See Table A.8.

Table A.7 

Coefficients for the resistance polynomial in Eq. (14) for the different channel 

widths 𝑏.

Coefficient Channel width 𝑏 / mm

0.4 0.5 0.6

𝑎5 2.76898093 ⋅ 1015 +1.68754465 ⋅ 1015 +1.21415834 ⋅ 1015

𝑎4 −1.51495140 ⋅ 1012 −1.12139495 ⋅ 1012 −9.86853937 ⋅ 1011

𝑎3 −1.31711777 ⋅ 109 −8.80116928 ⋅ 108 −7.44716147 ⋅ 108

𝑎2 +1.69314798 ⋅ 106 +1.22307006 ⋅ 106 +1.00250420 ⋅ 106

𝑎1 −9.85930864 ⋅ 102 −5.38962396 ⋅ 102 −2.48220767 ⋅ 102

𝑎0 +5.82312024 ⋅ 10−1 +4.44783212 ⋅ 10−1 +3.71842443 ⋅ 10−1

Coefficient Channel width 𝑏 / mm

0.687388 0.7 0.8

𝑎5 +8.64744578 ⋅ 1014 +1.11164587 ⋅ 1015 +1.14366483 ⋅ 1015

𝑎4 −1.06028635 ⋅ 1012 −8.86318163 ⋅ 1011 −7.37359582 ⋅ 1011

𝑎3 −5.68186036 ⋅ 108 −8.05160160 ⋅ 108 −9.30252751 ⋅ 108

𝑎2 +9.52843858 ⋅ 105 +8.43310367 ⋅ 105 +6.83902270 ⋅ 105

𝑎1 −1.14282870 ⋅ 102 −1.93119690 ⋅ 101 +1.70571364 ⋅ 102

𝑎0 +2.70007141 ⋅ 10−1 +3.35756103 ⋅ 10−1 +3.23970437 ⋅ 10−1

Coefficient Channel width 𝑏 / mm

1.0 1.1

𝑎5 +8.92347961 ⋅ 1014 +6.44801872 ⋅ 1014

𝑎4 −3.49723869 ⋅ 1011 −2.13204872 ⋅ 1011

𝑎3 −9.30274269 ⋅ 108 −8.05319343 ⋅ 108

𝑎2 +3.51912309 ⋅ 105 +2.25704794 ⋅ 105

𝑎1 +4.25263459 ⋅ 102 +4.99855110 ⋅ 102

𝑎0 +3.50423345 ⋅ 10−1 +3.79098561 ⋅ 10−1

Table A.8 

Parameter values.

Parameter Value Source

𝐸𝐶 72.4 kJ/mol [63,64]

𝑗ref
0 6.97872 A∕cm2

𝛼𝑎 0.62

𝐴geom 3.1114 ⋅ 10−4 m2

𝜌̄ 1.793 kg∕m3

𝜇̄ 1.759 ⋅ 10−5 Pa s

𝐷̄O2
9.809 ⋅ 10−6 m2∕s

Data availability

The developed PINN and ANN models are available via open-access 

[62].
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