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Executive Summary

Deliverable D3.2 of BIG LEAP project presents the development of the State of X
(SoX) and Remaining Useful Life (RUL) algorithms of BIG LEAP, which have been
addressed in Task 3.2 of the project. Additionally, the battery models required for
the Digital Twin platform of BIG LEAP are also developed within this deliverable.

On the one hand, SoX and RUL algorithms are regarded as the main outcome of Task
3.2. These algorithms are critical for a safe, reliable, and optimized battery
operation, as they provide internal states and estimations that are not directly
measurable in a battery. To do so, these algorithms are embedded into Battery
Management Systems (BMS), the electronic components in charge of monitoring the
operation of the battery.

SoX and RUL algorithms require of a tailored parametrization process, due to the
varying physical, chemical, and electrical performances of different battery
products. In other words, SoX and RUL algorithms parametrized for a specific
battery might not obtain accurate results when implemented with different
batteries. In order to advance into more transversal and interoperable BMSs (which
is aligned with BIG LEAP project objectives 2 and 3), this deliverable presents novel
methodologies to ensure easier adaptability of SoX and RUL algorithms between
different battery products. To do so, first novel designs of the SoX and RUL
algorithms are provided, and then they are adapted to different scenarios. The
results obtained for each of the algorithms demonstrate that the proposed methods
are efficient to advance into a transversal and interoperable BMS.

On the other hand, battery models allow simulating the performance of the device
under different operational conditions, which eventually allows optimizing the
design or performance of the battery. The battery models developed within BIG
LEAP are based on an Equivalent Circuit Modelling (ECM) approach and are crucial
for the Digital Twin platform of the project. Specifically, four different models for LFP,
LCO, NMC, and NCA chemistries are presented.
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