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Big Data for Li-lon Diagnosis and Prognosis

Artificial Intelligence

Objective/Significance

High-throughput Machine learning SOC
experiment SOH
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thtle to no effort Lot of effort

Experimental data is costly and time consuming,
Most studies only test a couple batteries,
Biggest dataset: 124 batteries with only charge varying

Path A

Capacity

Path D Path B

Problematic because of path dependence. Path C

Time

Current state of the art is far from the big data needed to make Al work

o —>i—o(E S
Solution: Transfer Learning

x0 g i Create synthetic training datasets

Aylol et al., Journal of The Electrochemical Society, 2021 168 030525
Dubarry M. et al., Journal of Power Sources 479 (2020) 228806
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Mechanistic modeling

General Approach
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Mechanistic modeling

Simulation of duty cycles and prognosis
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Mechanistic modeling

Emulation of battery electrochemical response Aging reconstructed
from simple equations
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Dubarry M. et al., Journal of Power Sources 479 (2020) 228806
Dubarry, M., et al. (2017)., Journal of Power Sources 360: 59-69.



Big Data for Li-lon Diagnosis and Prognosis

Computed datasets: Replicate complexity of real scenarios

Open access synthetic datasets : LFP, NCA, NMC811 vs. Graphite
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Mendeley Data, 2020; Vol. 2021, 10.17632/6s6ph9n8zg.3
Mendeley Data, 2020; Vol. 2021, 10.17632/bs2j56pn7y.3
Mendeley Data, 2021, 10.17632/2h8cpszy26.1 Dubarry M. et al., Journal of Power Sources 479 (2020) 228806

Mendeley Data, 2021, 10.17632/pb5xpv8z5r.1 Dubarry M. et al., Energies, 2021, 14(9), 2371
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Diagnosis

Analyze the >125,000 duty cycle
Example of a randomly selected duty cycle
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Dubarry M. et al., Energies, 2021, 14(9), 2371
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Diagnosis

Apply to entire dataset: example at cycle 100
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Dubarry M. et al., Energies, 2021, 14(9), 2371
Dubarry M. et al., J. Power Sources, 360 (2017), 59.
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Diagnosis

Apply to entire dataset

4
g 210 : : : : : 14000
LLI LLI -10
i 100 | 12000
2.5 QQ 0.20 § 0.33 I 400
Q’t\/ 0.22 \Q/ 0.33 -1000 10000
21 > AQ ]
@ 0.21 @) 0.29

8000

Count (#)
Count (#)

6000

4000

2000

Count (#)
Count (#)
N

-1.5 -1 -0.5 0 0.5 1 1.5 -1.5 -1 -0.5 0 0.5 1 1.5
Error (%) Error (%)

| Diagnosis error| < 1% @ 4 cycles and for > 125,000 duty cycles

Dubarry M. et al., Energies, 2021, 14(9), 2371
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Prognosis

Datasets can be used for training or for sensibility analysis.
What parameters can be used for early prognosis?
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Single parameter early prognosis might be hard to get for complex degradations

Dubarry M. et al., Energies, 2021, 14(9), 2371
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Prognosis

Early Prognosis
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Better prognosability than single parameter determination

On par with ML multi feature for some degradation paths

Dubarry M. et al., Energies, 2021, 14(9), 2371
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Conclusions

Proof-of-concept methodology to generate big data training datasets
Universal tool for creation of data indistinguishable from real one
Broad applicability: cell chemistries, designs, and operating modes

Methodology could be applied to different conditions such as rate and
temperature

Can handle lithium plating with adjustable reversibility
Ideal to test validity of different approaches for diagnosis or prognosis

The approach do not remove the need for experimental testing

It is still essential, and the only way, to decipher which conditions cater to
specific degradation.

More details: Dubarry M. et al., Journal of Power Sources 479 (2020) 228806
Dubarry M. et al., Energies, 2021, 14(9), 2371
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