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Motivation O u t

The objective of this project is to develop a Python-based integration with Sandia National Laboratories’ QUESt
tool to retrieve and analyze battery degradation data from the Battery Archive. This tool will allow users to input
specific battery parameters, including chemistry, expected C-rate, and temperature, to obtain degradation rates
applicable to their projected use case. The integration will provide upper and lower bounds on degradation

impacts, enhancing QuUESt's abillity to project long-term project value

Background

Understanding the degradation of lithium-ion batteries under various conditions is
critical for predicting economic value over time. As energy systems increasingly rely
on battery storage, there is a growing need for tools that can incorporate detailed,
condition-specific degradation data to improve technoeconomic analyses. The Battery
Archive database maintained by Sandia National Laboratories provides publicly
available degradation data under varying conditions of chemistry, charge-discharge
rates (C-rates), and temperature. However, translating this wealth of data into
actionable insights for technoeconomic modeling has been a challenge. This project
aims to bridge this gap by developing a tool to retrieve and process data from the
Battery Archive to identify degradation rates pertinent to the user’s application based
on published test data. This work will enable users to input specific parameters and
incorporate degradation predictions into their analyses, improving the accuracy of
long-term value assessments for energy storage projects.

Methods
Data Collection and Cleaning:

« Cycling data is collected from BatteryArchive.org. Outliers beyond three
standard deviations from a rolling mean are removed, and missing values are
linearly interpolated.

Capacity Metric Calculation:

 For each cycle, the percent of initial capacity is calculated using the discharge

capacity data. This becomes the dependent variable in model training.
Standard Linear Regression:

 Alinear regression model is trained with cycle index as the input to estimate

capacity degradation over time.
End-of-Life (EOL) Optimized Model:

* This model fixes the intercept at the initial capacity and uses SciPy’s optimizes
the slope by minimizing the RMSE over the final 10 cycles. This ensures to a
better prediction at EOL.

Model Training and Evaluation:

 Models are trained using 5-fold cross-validation for robustness. The model is
then compared to a set of holdout data to determine its accuracy. Model
performance is compared across chemistries using R* and RMSE metrics.

Results

EOL Model fit:

« This model significantly reduces RSME and increases R? compared to the
standard linear regression, especially in the end-of-life region where
degradation typically increases.

« Chemistries with more linear degradation show very similar performance
between both models, while more nonlinear chemistries benefit much more
from the new EOL model.
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Results (cont’d)

Test Data 2

Figure 2: Shows both models on a set of 100 1
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Discussion

The EOL model shows improved accuracy over standard regression by
capturing late-stage degradation more effectively. Its simplicity and
generalizability make it ideal for integration into QUuESt 2.0, supporting more
reliable long term technoeconomic battery analysis.
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