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Electrode Microstructure and
Electro-Chemo-Mechanical Cracking

N
Cathode Composition:
* Randomly-oriented grains .
* Anisotropic grain material properties >0 pm Crystal
Nickel Manganese Cobalt orientation
(NMC) positive electrode
Charge Cycling: Tmen s
e Lithium movement between electrodes causes Time: 21948 s
nonuniform grain expansion and contraction
Electro-chemo-mechanical cracking:
* Inhibited lithium flow via tortuous diffusion path n T

* Reduced battery life
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Governing Equations
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Reproducing Kernel Particle Method
(RKPM)
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Reproducing Kernel (RK) Approximation
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Interface-Modified RK (IM-RK) Approximation for Weak and Strong Discontinuities
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Kernel Function Modifications for Grain Boundaries: max|[tanh(dist), 0]

IM-RK with Weak Discontinuity: Scaling with node on interface

Weak discontinuity introduced only for ‘T’,n,:erface
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Image-Based Modeling of Statistically-Driven
Li-ion Battery Microstructures
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Strain Evolution Under Multiphysics Loading
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Multiphysics Damage Evolution with Evolving IM-RKPM
(Weak IM-RKPM — Strong IM-RKPM)

_ %104
Damage f(ee K) R Kuhn-Tucker Conditions ? —y,
e ¢4 dk dk -Weak IM-RKPM
>0: —>0: —= Strong IM-RKPM
0 if Kk <k f=0; dt_o' dt 0
Kr K —K;
Dk(K): _f—_ - ifKi<KSKf ( L .
K Kr — Ki If sufficient grain boundary damage
1 if k = Kf is detected, interface nodes are
removed so IM-RKPM discontinuity e
2 H B
g, = | 2:((€8)) (-} = max(0,") 9 adaptively evolves ) : 4
Y x 10 b
Standard RKPM Weak IM-RKPM Damaged nodes turn Evolving IM-RKPM
t=0: Lithium Concentration t=0: Lithium Concentration <104 t=0: Lithium Concentration x 107

1.5 L5
i
3.5 3.5
3 2 3
1.5
1
1
9. Susuki, K., J. Allen, J.S. Chen. 2024. “Image-based Modeling of Coupled Electro-Chemo-Mechanical Behavior of Li-ion Battery Cathode Using an Interface-Modified

Reproducing Kernel Particle Method.” Eng Comput. (Accepted). 12 UC San Dlego
Jacobs School of Engineering

11. Susuki, K., J. Allen, J.S. Chen. 2024. “Image-based Failure Assessment of Li-ion Batteries.” ASC Technical Conference Proceedings (Submitted).
12. Furat, O,, L. Petrich, D. Finegan, et al. 2021. “Artificial generation of representative single Li-ion electrode particle architectures from microscopy data.” npj Comput Mater.




Jacobs School of Engineering




Neural Network Enhanced Reproducing Kernel (NN-RK) Approximation

Solution decomposition

Neural network
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Neural Network (NN) Enrichment
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A block-level neural network is a modified deep neural network

Block-Level Neural Network Architecture with increased interpretability.
Parametrization sub-block NN kernel sub-block
A A
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Damage Evolution with Simple Shear Loading

0.6
1 ‘ ‘ ‘ ‘ ‘
‘ min Il = —f (gmy*+yH)da+p f n%dQ + Iebe £
2 Q Q 05 | \‘
uy=0 Damage n= x K=l/)+—1/)C p=G,/¢ 04 | .
K+p ¢ £)
= 03
gm =1 -n)? g’
&,
, 1 S 0 |
Yr = cMtre)® + uele;
Uy =0 1 0.1 ¢ === NN-enhanced RK | ]
Yo =S Are)? — e bpeisr S T
0 L L L L L L
0 0.002 0.004 0.006 0.008 0.01 0.012 0.014
SSSSS S SSSS () = max(0,") w (mm)
be dmosea i Uy damage
* 256 RK particles (16X16) are used
R s st g e gl with 512 RK coefficients.
R R * 3 NN blocks are used with 540 total
unknown weights and biases.
e 0 i e * Visibility criteria with diffraction is
Aol bt niony applied to the RK shape functions
gt vl R - Sl ks around the area of pre-existing crack.

13. Baek, J., J.S. Chen, K. Susuki. 2022. “A neural network-enhanced reproducing kernel particle method for modeling strain localization.” Int J Numer Methods

Eng. 123(18): 4422-4454. 16 UC San Diego

14. Miehe, C., M. Hofacker, F. Welschinger. 2010. “A phase field model for rate-independent crack propagation: robust algorithmic implementation based on Jacobs School of Engineering
operator splits.” Comput Methods Appl Mech Eng. 199(45): 2765-2778.




Mixed-mode Fracture of Doubly Notched Crack Branching in Isotropic Media
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Future Work: Multi-scale NN-RK for Degradation Modeling of Li-ion Batteries
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Conclusions

* Interface-modified RK (IM-RK) discontinuity shows significant Gibbs oscillation reduction and
sharper solution transitions with no additional degrees of freedom.

* Evolving IM-RK approximation can adaptively incorporate various discontinuities by leveraging
kernel scaling and strategic interface node placement.

* Neural network-enhanced RK (NN-RK) approximation is designed to be computationally efficient by
superimposing a coarse background solution with a localized NN enrichment for fine/localized
features.

* NN block-level approximations are designed to capture low order topology but can be
superimposed to capture complex topological geometries.
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