DECEMBER 7 - 9, 2021
SAN DIEGO CONVENTION CENTER | SAN DIEGO, CA & ONLINE (PST)

215 Annual

advanced
automotive
battery
conference

Big Data for Li-lon Battery Diagnosis and Prognosis
M. Dubarry and D. Beck

matthieu@hawaii.edu

- — l. 1680 East West Road, POST 109,
»

= HNEI Honolulu, HI 96822 & "BPa]E?.Ltl‘l'
.' Hawai'‘i Natural Energy Institute attery Labora ory
SCHOOL OF OCEAN AND EARTH

SCIENCE AND TECHNOLOGY University of Hawai'i at Manoa Ph: (808) 956'2349 . FaXZ (808) 956'2336 | il =



mailto:matthieu@hawaii.edu

Synthetic Training Data for Al Li-lon Diagnosis and Prognosis

Path dependence of battery degradation
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Artificial Intelligence
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Experimental data is costly and time consuming,
Most studies only test a couple batteries,
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Current state of the art is far from the big data needed to make Al work
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Solution: Transfer Learning
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Dubarry M. et al., Journal of Power Sources 479 (2020) 228806
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Li-ion batteries are complex systems

Lithium ion battery degradation mechanisms
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Model framework considerations

Electrochemical models \ Use mechanistic Equiva_lent circuit models
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Dubarry, M., et al. (2012). Journal of Power Sources 219: 204-216.
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Li-ion batteries are complex systems

Lithium ion battery degradation mechanisms
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Mechanistic modeling

General Approach
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Mechanistic modeling

Simulation of duty cycles and prognosis
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Use the mechanistic modeling approach

Emulation of battery electrochemical response Aging reconstructed
from simple equations
ol Experimental C/25 charge curves | a0l Synthetic C/25 charge curves |
' ' LLI = 0.033%/cycle
a1r 1 41T LAMpe = 0.01%/cycle 1
< 4t 1S 4t LAMye =0.005%/cycle ]
Y Y
239F 1 239¢ 1
S 38} 18 38} 1
3.7+ . 3.7 .
3.6} . Cycle 700 4 36t . Cycle 700 1
1 year of testing y 0.1s of calculation y
. | T ‘ . - Y TTTTT
0 20 40 60 80 100 0 20 40 60 80 100
Normalized Capacity (%) Normalized Capacity (%)

All possible degradations in
. 0,100
ternary diagram: 4

i
©

100 = b

80 .

Infinite training data for
diagnosis Al algorithms

60 -

s

40"

20 .

]

Degradation extent (%)

40 60
% LLI

100

Dubarry M. et al., Journal of Power Sources 479 (2020) 228806
Dubarry, M., et al. (2017). "State of health battery estimator enabling degradation diagnosis: Model and algorithm description." Journal of Power Sources 360: 59-69.
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From diagnosis to prognosis

Prognosis: Needs to build full life-cycles
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More complexity for real scenarios
More than LLI and LAMs... Kinetics, blends and plating
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Dubarry M. et al., Journal of Power Sources 479 (2020) 228806
Baure, G. and M. Dubarry (2019). "Synthetic vs. Real Driving Cycles: A Comparison of Electric Vehicle Battery Degradation." Batteries 5(2).
Dubarry, M., et al. (2020). "Perspective on State-of-Health Determination in Lithium-lon Batteries." Journal of Electrochemical Energy Conversion and Storage 17(4): 1-25.

Schindler, S., et al. (2019). "Kinetics accommodation in Li-ion mechanistic modeling." Journal of Power Sources 440: 227117.
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Computed datasets

Open access synthetic datasets : LFP vs. Graphite
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Graphite//LFP synthetic training diagnosis dataset, https://data.mendeley.com/datasets/bs2j56pn7y/1,
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Sensibility analyses

Datasets can be used for training or for sensibility analysis.
What parameters can be used for early prognosis?
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Dubarry, M., et al. (2017). "State of health battery estimator enabling degradation diagnosis: Model and algorithm description." Journal of Power Sources 360: 59-69
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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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