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Predicting Long-Term SOC Performance
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Long-term performance degradation is a key barrier to SOC commercialization and the subject of a major
DOE technical target (0.2% voltage decay per 1,000 hours). Modelling is key to understanding degradation
and predicting the long-term outcome of specific electrode designs. To this end, NETL's SOC Research Group
has developed an integrated degradation model to predict the long-term performance of any electrode.
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Optimized for high-throughput,
unattended operation on NETL’s
Joule supercomputer

3 phases’ heterogeneity or
“well-mixedness”

Combinations of parameters in 11-dimensional space rapidly approach tens
of thousands of electrodes to explore — not feasible when experimental
characterization takes days.
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Sample Outputs of Degradation Model
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Making Sense of High-Dimensional Results

With hundreds or thousands of electrodes
analyzed, it becomes helpful to condense
results into a single figure-of-merit

Energy produced in 1,000 hrs

Captures initial performance as well
as decay. Also a proxy for $/kWh, a
key metric for industry.
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Choose an operational current

density (e.g. 0.4

A/cm?)

!

AV_,, from 0 to 1,000 hrs

Voltage decay is important but misses
whether electrode was a poor
performer to begin with

With this choice of figure of merit, we
can now map the 11 independent
input parameters, or “features,” to
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Assessing Parameter Impacts

SHAP analysis* of trained ML
model allows assessment of
impact of each feature on long-
term performance

Small LSM particle sizes

for voltage decay (expected), but
net good for lifetime energy
produced — a worthwhile
tradeoff that is not necessarily

intuitive.

Lower LSM/YSZ ratio is good for

both metrics
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*S. M. Lundberg, S-I. Lee. A Unified Approach to Interpreting Model Predictions. NIPS 2017.
More details in: W. K. Epting et al., ECS Trans. 103, pg. 909 (2021).

Computer Vision Based Rapid Assessment

The model shown here can predict long-term performance of SOC electrodes
and provide targeted recommendations for improvement using ML, provided we \
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have a large, high-resolution 3D reconstruction. These can require long times™
and esoteric equipment. Cell developers have much easier access to micro-CT
and 2D SEM cross-sections.

Using Computer Vision to Interpret Low-Res Data
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fSamples from Materials Systems Research Inc. (MSRI, Salt Lake City, UT). Characterization detailed in T. Hsu et al., J. Power Sources, 386, pg. 1 (2018).
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