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In this lecture I discuss an infrastructure for accelerated optimization of the manufacturing 
process of Lithium Ion Batteries (LIBs) we are developing within the context of the ARTISTIC 
project.1 Such infrastructure is supported on a hybrid approach encompassing experimental 
characterizations, a physics-based multiscale modeling workflow and machine learning 
models.2 Different steps along the LIB cells manufacturing process are simulated, such as the 
electrode slurry, coating, drying, calendering and electrolyte infiltration. The multiscale 
physical modeling workflow couples experimentally-validated Coarse Grained Molecular 
Dynamics, Discrete Element Method and Lattice Boltzmann simulations and it allows 
predicting the impact of the process parameters on the final electrode mesostructure in three 
dimensions. The predicted electrode mesostructures are injected in a continuum performance 
simulator capturing the influence of the pore networks and spatial location of carbon-binder 
within the electrodes on the solid electrolyte interphase formation (for anodes) and the 
electrochemical response (of anodes vs. lithium, cathodes vs. lithium and the full cells). 
Machine learning models are used to accelerate the physical models’ parameterization, to 
mimic their working principles and to unravel manufacturing parameters interdependencies 
from the physical models’ predictions and experimental data, and for inverse design. The 
predictive and optimization capabilities of this digital twin, coupling physical models with 
machine learning models, are illustrated with results for different electrode formulations. 
Finally, the free online battery manufacturing simulation services offered by the project3 and 
our virtual reality technology supported on the project results4 to optimize battery electrodes 
are illustrated through several examples. 
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