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Résumé

The health degradation process is a key characteristic of new battery designs. It helps

anticipate their performance evolution in application and maintenance costs, notably for re-
placement when the lifetime is reached (1). Gaussian processes regression is often used in
this context, since it can fit the non-linear degradation behavior, while including uncertain-
ties quantification mandatory to assess the financial risk related to performance guarantees.
Moreover, they are well suited for this experimental use case, where generally few data
are available. However, Gaussian processes regression often uses a stationary prior with
covariance decreasing toward zero with distance which imposes strong constraints both on
uncertainties quantification and forecasting.
Regarding uncertainties the stationary prior assumes a constant variance which is too re-
strictive in our context since the variance of the state of health indicator typically increases
with time. That is why we proposed an extended model relying on the Chained Gaussian
processes framework (2). Coupling several Gaussian processes, this model can simultane-
ously estimate the time evolution of the mean and of the variance.

Concerning the forecasting issue, the standard prior leads to predictions uncoherent with
prior physical knowledge, which imposes a monotonic and accelerating degradation. To
translate this prior knowledge, we extended the chained Gaussian framework to include
derivative information (3). This provides finally a model, coupling precise uncertainties
quantification, and coherent predictions with physical knowledge.

This presentation is a summary of our two recently published papers, one focusing on un-
certainty quantification (4) and the other on forecasting (5).
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