Frequency-Based Parameterization of Semi-

Empirical Models tfor State-of-Health Estimation
in Lithium-lon Batteries in Electric Vehicles

Background Battery EVs can have over
70% lower lifecycle @
carbon emissions than

gas-powered vehicles’

 Electric vehicles (EVs) are one of the most important
technologies today for achieving a sustainable future.

« However, EV battery performance remains poorly
understood. An accurate, next-generation model
combining physics-informed modeling techniques and However, 62% of

data-driven approaches is urgently needed for | individuals who choose
advanced battery management systems. (1] Plug:in America, 2014. not to purchase a used EV [m\. ~
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1. Lithium-lon Batteries Aging Campaign
Electrochemical impedance spectroscopy (EIS)

2. ECM Fitting and Selection
Equivalent circuit models (ECMs)

Equivalent Circuit Models

data, which measures responses from small

are used to extract key
electrical signals, from 22 lithium-ion batteries

electrochemical parameters.
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This work achieves an average RMSE of 2.36% for SoH estimation via the 2 ZARC- 0.05 — 1
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demonstrating that the two ZARC elements successfully captured non-ideal behaviors in _ -
both RC components. The random forest model under Architecture 1 (all parameters and 2 0037 -
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Conclusion and Impact This work will not only improve the

safety of EVs, but also extend
battery lifespans by identifying
key electrochemical features,

This work offers contributions for a scalable and ‘ ‘
interpretable framework for SoH estimation: 4N I Safety
1. This research provides interpretable supervised
regressors to allow for feature attribution through
SHAP analysis, enabling feature-level insights
often absent in prior studies. These results can be
used to inform battery design and manufacturing
as well as for repairs to current EV infrastructure.
2. This work’s error margin of 2.36% is comparable e L
ith state-of-the-art models. manv of which . .l 51 Craphic crsstod by sedent rosesrcher o PowmPont 2020, - enatiasieend
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wa
thereby reducing maintenance
t@.\ Infrastructure costs and increasing adoptability.
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