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Motivation Training/testing physics-based machine learnt model
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Evaluation of other ML alternatives or their coupling with the RFR
Figure 2. Methodology of physics-based machine learnt model: for better guess in regions with reduced polarisation points.

i. Generate the mathematical description of 1D steady-state SOC Multiphysics problem (PDEs) and implement in COMSOL Multiphysics®. Validation against extensive experimental data: ESC. ASC. MSC
ii. Atotal (Np) of physical parameters (¢;) with upper and lower bounds are used to generate random combinations and solve the problem in ' ’ ’ '

COMSOL, obtaining the cell overpotential (1., output target) for a total of polarisation cases (Nq). Test methodology on other systems like PCFC -

iii. Using feature engineering (i.e., dimensional and nonlinear effects analyses) to analyse the mathematical description and produce a reduced C li ith hi hical I | delli f K t
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iv. All & values are used to evaluate the corresponding 6; values for N, cases. allow for lifetime simulation. 2r TS0

v. Splitting the data (i.e., 6; and n.,;;) into train and test data sets. References: : 650

vi. Train the RFR with all features for an increasing number of tress (Nyees) and compare Out-of-Bag (OOB), train and test error rates. 1. Wehrle et al, ACS Environ. Au, 2022, 2, 42-64. —
vii. Take out features by considering their permutation importances and RMSE of RFRs trained with N; number of features. 2. Wehrle et al, Chem. Ing. Tech., 2019, 91, No. 6, 833-842. 02 Cuerent deggty /A em? 06

viii. The final RFR is trained with N*;.ss and N*; and used to predict the cell overpotential for the test data set. 3. Padinjarethil et al, Front. Energy Res., 2021, 9:668964.




