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Use Accurate EarIy-Iife * We are operating in a data-poor regime
Prediction Models To * Enable rapid evaluation and de-risking of
Accelerate Battery Testing novel battery technology
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Prediction models for battery-life can be split into two broad

categories

Point prediction
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* Separate end-of-life or remaining-useful-life models for
each week N of data

* One model for the entire dataset

e Good performance in data-rich regimes

Plot inspiration from https://www.nature.com/articles/s44296-024-00011-1

Trajectory prediction
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One model to predict capacity fade for all weeks of
cycling data

Separate models for each cell in the dataset
Works in data-poor environments
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Bayesian Regression

Curve fitting with uncertainty estimates



Capacity

We use Bayesian Regression to predict the trajectory of capacity

fade

Recall, Bayesian regression assumes an underlying parametric functional form with a prior probability

distribution of parameters.
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From Bayes Theorem

likelihood function (describes how likely we will observe D given f3)
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Capacity

Two important questions to ask include

| Data f(x', ,B')
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We will consider the following functional forms

Name Description

Simple Power Law Bo — ByxP2
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Prior distribution p(f) may be assumed or derived

from a training set

Simple Bayesian Regression: Empirical Bayesian Regression:

* Assume any distribution of the * Run simple Bayesian regression on a
parameter B, e.g., Normal, Uniform, held-out train set to derive information
etc. about the true distribution of 8
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One may choose independent univariate or multivariate

joint distributions for their priors
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Results

Simple Bayesian Regression



We use ISU-ILCC dataset to demonstrate our

method

Image Source: DOI 10.1149/1945-7111/adcb6f
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* The ISU-ILCC battery aging dataset contains 251 nickel-manganese-cobalt/graphite cells

cycled under 63 unique conditions

* Aging stress factors include charge rate, discharge rate, and depth of discharge (DoD)

* Uses C/5 and C/2 full DoD cycles to gather data for feature engineering
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Trajectory prediction
using simple
Bayesian regression
shows reasonable

uncertainty
estimates using
Power Law even
with 2 data points.

Priors have a uniform distribution
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Simple twin power law is more accurate at low cycle counts, while a twin

sigmoidal form is better at predicting trajectory at higher cycle counts

MAE at Failure vs Repeat Number

0.16

—&— SigmoidalForm
—— TwinSigmoidalForm

—a&— SimplePowerLawForm
—— SimpleTwinPowerLawForm

0.14

0.12 +

v 0.10

E

&

4+

T 0.08

=

= _ simple twin power law and
0.06 - twin sigmoidal form
0.04
0.02

2 4 6 8 10 12 14 16 18 20
No. of data points (Repeat Number)
NREL | 14



Results

Empirical Bayesian Regression
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Empirical Bayesian
Regression may
suffer when there
are too few cells to
derive prior
information for 5.

However, we can see
massive gains in
accuracy with just 10
cells (~¥4% of the
dataset)
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There are
diminishing returns
In Improvements in
accuracy as the

training size

increases beyond 25

cells (10% of the
data set)
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Empirical Bayesian Regression
with Look Ahead

Combining point and trajectory prediction



We augment the empirical Bayesian method with synthetic predictions

derived from electrochemical features from early life cycling data
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We leverage partial least squares (PLS) with Gaussian process

regression (GP) to look ahead at the next few cycles

Capacity

Time

Extract electrochemical features, e.g., DoD,\/CcthoD,

log(Jmean(AdQ/dV, —y,(V)]) at the mt" cycle from
training set.

Use PLS to identify latent spaces that are best at
predicting capacity at the next n cycles

Construct n GP regression models for predicting n
capacity values for the test cells

Augment the experimentally measured data for the test
cells resulting in m + n data points for empirical Bayesian

regression
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Empirical Bayes with
look-ahead adds
value in early cycle
data predictions.

However, feature
based capacity
prediction is noisy.

10 training cells
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Comparing side-by-side demonstrates refined coverage of true

data of empirical Bayes and look-ahead, especially at early cycles
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Adding look-ahead
predictions to
empirical Bayesian
regression improves

performance at
extremely early life
(2-3 measured
cycles) and with 3-5
training cells
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No noticeable
Improvements are
observed when
compared to

standard empirical
Bayesian regression
at larger training
sizes
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Summary and Next Steps

There probably more room for improvement



We demonstrated that the Bayesian regression method is an

attractive option for capacity fade prediction from early life data

* Simple twin power law form and the twin sigmoidal form were the best
performing functional forms for predicting capacity fade

 Empirical Bayes method shows vastly improved performance that
standard Bayesian regression, even with 10 training cells

 The look-ahead empirical Bayesian regression showed best performance

at early cycle in extremely data-poor regimes



Next steps include rigorous testing

* Continued model refinement to improve prediction accuracy in extremely
data-poor regimes for the empirical Bayesian regression with look-ahead
method

* Evaluation of additional functional forms f(x, 8)

 Comparison to other end-of-life prediction methods

e Evaluate performance on different battery datasets to test the method’s

generalizability
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