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Abstract
Introduction: 
Proton  exchange  membrane  (PEM)  electrolyzers  are  promising  for  green  hydrogen 
production  under  variable  renewable  electricity,  but  their  voltage  dynamics  must  be 
predicted  accurately  for  efficient  simulation,  optimization,  and  future  control-oriented 
operation. Detailed electrochemical models can capture internal phenomena, but they are 
often too complex for frequent online prediction. Reduced-order equivalent electrical circuit 
models  provide  a  practical  alternative  by  representing  the  dominant  transient  voltage 
behaviour with a small number of dynamic states [1,2]. Purely data-driven neural models can 
be fast, but they usually act as black-box approximators, require representative training data, 
and may behave poorly outside the training domain.

Physics-informed neural networks (PINNs) reduce the dependence on data by embedding 
governing equations into the training process [3]. However, a standard PINN is usually tied to 
a fixed problem setup and does not naturally include the control input and initial internal state 
as conditioning variables. This is restrictive for control-oriented modelling, where the model 
must be queried from different states and under different input values [4]. In this work, a 
conditional physics-informed neural network (CPINN) is developed to represent a family of 
transient voltage responses of a PEM electrolyzer over a trained short-time interval Ttrain. The 
model is conditioned on the applied current and initial capacitor voltages, and it is extended 
to  temperature-dependent  voltage  prediction  by  including  the  cell  temperature  as  an 
additional input.

Objectives: 
The purpose of this study is to develop a CPINN-based voltage model that combines physical  
consistency, fast evaluation, and suitability for sequential prediction. The objectives are to 
formulate the model from a second-order equivalent electrical circuit, train temperature-
independent  and  temperature-dependent  CPINNs  conditioned  on  current  and  initial 
capacitor  voltages,  and  evaluate  their  performance  under  sequential  rollout,  operation 
outside the training range, and direct long-window prediction. The effect of increasing the 
CPINN training period is also analysed in terms of accuracy and rollout efficiency.
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Material and methods:
The physical prior is a second-order equivalent electrical circuit with two RC branches, a 
reversible  voltage term,  and an ohmic  voltage contribution.  The internal  states  are  the 
capacitor voltages Uc1 and Uc2 . The terminal voltage is reconstructed as

In the temperature-independent formulation, Urev and RΩ are constant. In the temperature-
dependent formulation, Urev follows an affine temperature relation and RΩ is scaled using a 
temperature-dependent conductivity-inspired expression. 

The CPINN learns the mappings  and  for the temperature-independent and temperature-
dependent  cases,  respectively.  The model  is  trained over  a  short-time interval  .  During 
prediction, the trained CPINN is evaluated over a prediction window . For standard sequential 
rollout, , so each CPINN query remains inside the time interval used during training. A longer 
total simulation horizon   is obtained by chaining several prediction windows of duration  , 
where the terminal predicted state of one window is used as the initial condition of the next  
one. Direct long-window prediction  is also tested to assess the behaviour of the model when 
evaluated beyond its trained time interval.

The physics loss includes the differential residuals of the two RC state equations and the 
algebraic residual enforcing voltage consistency with the equivalent-circuit expression. An 
optional data loss can also be added when reference voltage or state data are available. In this 
work, the internal states are reconstructed using a hard initial condition embedding, which 
enforces  and  by construction. This improves consistency during sequential rollout. Training is 
performed using Adam followed by L-BFGS. 

Results:
The temperature-independent CPINN achieved stable voltage prediction across the evaluated 
rollout scenarios.  In nominal  cases within the training range, the terminal-voltage RMSE 
remained below , with an aggregated in-range RMSE of . This aggregated value represents the 
mean performance over rollout cases that remain inside the current, state, and time ranges 
used during training. Errors increased when the model was evaluated outside the training 
range or directly over a time window longer than the training interval, but the sequential 
rollout remained stable.

The  temperature-dependent  CPINN improved  the  prediction  of  voltage  dynamics  under 
current and temperature variations. For the  model, the voltage RMSE remained below  in the 
intended rollout tests, and the long-horizon sequential rollout reached an RMSE of . This 
shows that the model can be used repeatedly over several short prediction windows without 
significant error accumulation.

Direct  long-window prediction  produced  larger  errors.  For  the   temperature-dependent 
CPINN, using  increased the voltage RMSE to . The  model reduced this direct long-window 
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error to , showing that increasing  can reduce the number of rollout calls needed for a total 
simulation horizon , at the cost of slightly lower short-window accuracy.

Conclusions: 
The results show that CPINNs are suitable for modelling the dynamic voltage response of a 
PEM electrolyzer over short prediction windows. By conditioning the model on current and 
initial capacitor voltages, the CPINN represents a family of transient responses rather than a  
single fixed trajectory. Adding temperature as an additional conditioning variable extends the 
surrogate  to  temperature-dependent  voltage  behaviour.  The  proposed  model  achieved 
millivolt-level accuracy in nominal rollout scenarios. Direct long-window prediction produced 
larger  errors,  confirming that  the  CPINN should  be  deployed through sequential  rollout 
instead  of  direct  extrapolation  beyond  .  The  hard  initial-condition  embedding  improves 
continuity between rollout windows, while the comparison between  and  highlights the 
trade-off  between  short-window  accuracy  and  rollout  efficiency.  Overall,  the  proposed 
innovation  is  a  physically  structured,  temperature-aware  CPINN  surrogate  for  PEM 
electrolyzer voltage dynamics. Since the model includes both the control input and the initial 
internal state as conditioning variables, it provides a useful modelling component for future 
optimization and model predictive control applications.

Acknowledgment
This work has been developed as part of the Siemens Energy AI Chair: Energy Sustainability for 
a  Decarbonized  Society  5.0  (TSI-100930-2023-5),  funded  by  the  Secretary  of  State  for 
Digitalization and Artificial Intelligence through the ENIA 2022 Chairs call, and co-funded by 
the European Union-Next  Generation EU.

References
[1] D. S. Falcão and A. M. F. R. Pinto, “A review on PEM electrolyzer modelling: Guidelines 
for beginners,” Journal of Cleaner Production, vol. 261, 121184, 2020.

[2] X. Mao, Y. Tian, A. Yang, and G. Zhang, “Identification of Equivalent Circuit Parameters 
for Proton Exchange Membrane (PEM) Electrolyzer Engineering Models,” IEEE Access, vol. 
12, pp. 15509–15522, 2024.

[3] M. Raissi, P. Perdikaris, and G. E. Karniadakis, “Physics-informed neural networks: A deep 
learning framework for solving forward and inverse problems involving nonlinear partial 
differential equations,” Journal of Computational Physics, vol. 378, pp. 686–707, 2019.

[4] E. A. Antonelo, E. Camponogara, L. O. Seman, E. R. de Souza, J. P. Jordanou, and J. F. 
Hübner, “Physics-informed neural nets for control of dynamical systems,” Neurocomputing, 
vol. 579, 127419, 2024.

EFCH2 2026 - European Fuel Cell and Hydrogen Piero Lunghi Conference 2026
Capri | Naples | Italy – September 15th-17th, 2026 


