Predicting the onset of rapid degradation
using data-driven approaches

Using automated feature generation and selection then Gaussian
processes to map accelerating Li-ion battery degradation.

Samuel Greenbank and Dr. David Howey
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State of health, capacity and end of life
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Muddle, couple, toil and trouble
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Data-driven approaches have a problem.

As part of designing a given model of battery degradation, an engineer must make a decision over what shall be the
input. In question form, that is “What causes the Li-ion battery to behave in that way?” However humans are prone
to bias, and our understanding of battery degradation is insufficiently comprehensive to confidently map between
use and capacity over an entire cell life. For data-driven techniques, this is especially critical. The performance of a
given model will effectively be decided by the choice of inputs, a choice which we are very likely to get wrong. If that
probable wrong decision is made, then the results will be poor. The results will be especially poor the further you
push your test set from any training data.

or...

Garbage in = Garbage out
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So how to forecast the “knee”?
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Good results were achieved by prioritising work on the inputs
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Median results

Root mean square error of capacity:  0.83%

End of Life time prediction error: 1.3%

Time of knee point prediction error: 2.6%

Severson 2019: Severson et al., “Data-driven ... degradation," Nature Energy, vol. 4, pp. 383--391, 2019.
Attia 2020: Attia et al., “Closed-loop ... learning," Nature, vol. 578, pp. 397--402, 2020.



Automating feature generation and selection

How to produce a set of model inputs that reflect the range of use in a data set but are
sensitive the variability of battery degradation.
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We propose to automate the process prior to modelling.
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We propose to automate the process prior to modelling.

Raw use data
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Severson 2019: Severson et al., “Data-driven ... degradation,"
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We propose to automate the process prior to modelling.
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Model inputs (features) are calculated based on time spent in different regions.
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Model inputs (features) are calculated based on time spent in different regions.
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Model inputs (features) are calculated based on time spent in different regions.
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Pearson’s rank produces a reliable set of inputs.
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5 varied features can then be passed to the degradation model
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Gaussian processes are known to be effective for batteries.
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We see tight profiles and consistent knee forecasts.
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Availability of
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What about credible intervals?
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Where do we go from here?
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Thank you for listening
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