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Materials and Methods
Composite electrode preparation
The composite cathodes were prepared by spreading the slurry (N-methyl-2-pyrrolidone as the
solvent) with active materials (90 wt%), acetylene carbon (5 wt%), and polyvinylidene diﬂuoride
(5 wt%) as the binder and casting them on carbon-coated aluminum foils. The electrodes were then
dried overnight at 120 °C in a vacuum oven and transferred into an Ar-ﬁlled glove box for future
use. The areal active mass loading is around 8.0 mg/cm2. The volume fractions of active particles,
the liquid electrolyte, and the carbon-binder matrix are about 40%, 30%, and 30%, respectively. It
resulted in the porosity of the homogenized matrix being 0.5. This relatively high porosity is
because the electrode was not calendered to avoid any pre-damage caused by the calendering
process. Note that the electrode with lower porosity could also lead to insufficient/inhomogeneous
electrolyte wetting, which induces chemical inhomogeneity through a different mechanism. In this
work, we focus on NMC particle’s intrinsic behavior during battery operation and, therefore, we
choose well-formed electrode without the calendering process as our model system. We believe
that our findings and interpretation are fundamental and can be applicable to the design of realworld batteries. The electrochemical cycling of these electrodes followed the same procedure as
what was reported previously (1, 28). Specifically, CR2032-type coin cells were assembled in an
Argon filled glovebox (typical H2O <0.1 ppm, O2 <0.1 ppm) with the composite cathode. Glass
fiber separator (Whatman), Li metal anode, and 1 M LiPF6 dissolved in a 3:7 weight ratio of
ethylene carbonate/ethyl methyl carbonate with 2 wt% vinylene carbonate electrolytes were used
for the coin cells. All the coin cells went through a formation cycle at 0.1C between 2.5-4.5 V.
After the formation cycle, the coin cells were cycled at 5C between 2.5-4.5 V for 10 cycles or 50
cycles, respectively. The coin cells were rested for 2 minutes between the charge and discharge
reactions. The electrochemical performance of these coin cells is included in Fig. S1. 1C was
defined as fully charging the composite cathode in 1h with a specific capacity of 200 mAh g-1. All
the voltage in this manuscript was defined as against Li+/Li. The tomography scan was conducted
near the center of the piece, away from the cut edges to avoid any sample prep induced artifacts.
All the samples were protected in the inert gas environment during storage, transportation,
handling, and measurements.
X-ray phase contrast holo-tomography
The X-ray phase contrast nano tomography experiments were conducted at the ID16A-NI nanoimaging beamline at the European Synchrotron Radiation Facility (ESRF) in Grenoble, France.
This beamline features a high energy hard X-ray nano-probe (44), delivering a focus down to ~20
nm with a brilliant photon ﬂux (up to 1012 photons/s at ΔE/E ~ 1%). The nano-focus is achieved
by two pairs of multilayer-coated Kirkpatrick–Baez (KB) optics, working at 17 and 33.6 keV,
respectively. This experiment was taken under 17 keV. For every tomography scan, 1500
projections were acquired with 0.2s exposure time. One complete phase contrast nano-tomography
scan constitutes tomograms at four different focus-to-sample distances. These tomograms were
subsequently used for phase retrieval to generate 2D phase maps (45). The 2D phase maps
retrieved from all angular projections were then used as input for a tomographic reconstruction
based on the ﬁltered back projection algorithm method (ESRF PyHST2 software package (46),
http://ftp.esrf.fr/scisoft/PYHST2).
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Morphology-informed neural network for 3D particle identification
We extend our previous work on successfully identifying the LiNi0.8Mn0.1Co0.1O2 (NMC) particles
on monolayer electrode using the convolutional neural network (CNN) (1) by considering the
morphology of those NMC particles based on the StarDist network (47) to improve the
identification accuracy. Moreover, we propose here a fusion strategy to extend the pretrained 2D
model without requiring 3D-labeled data. The input volume is resliced into three different sections
(𝑥𝑦, 𝑦𝑧 and 𝑥𝑧). Then the outputs from all sections are fused together to obtain the final 3D
segmentation (see Fig. S2).
Specifically, the shape of each NMC particle is modeled as a star-convex polygon (47). A
convolutional neural network with U-Net architecture (48) is used to densely predict the
representation and a value that indicates the possibilities of one particle. For each pixel (𝑥, 𝑦) with
index 𝑖, 𝑗, the CNN is trained to regress the radial distances 𝑑! (𝑥, 𝑦) (𝑘 = 1, … , 𝑛) to the object
boundary and additionally a particle probability 𝑝(𝑥, 𝑦) defined as the normalized Euclidean
distance to the nearest background pixels. 𝑛 represents the number of rays to describe the shape of
the polygon, which is set as 32 to achieve a sufficiently accuracy. During the training, we use a
loss function ℒ"#$$ = ℒ#%& + 𝜆 ℒ'($) which combining a binary cross-entropy function ℒ#%& and
mean absolute error ℒ'($) over all pixels. The parameter 𝜆 is tuned as 0.2 to get the best
performance. After the prediction by CNN, the non-maximum suppression (NMS) is adopted to
get only one shape for every particle in the image (47). The particle shapes are further refined by
removing pixels that were predicted by the neural network to be outside of particles through simple
intensity thresholding. We train the neural network using 322 images with their ground truth 2D
labels, in which 90% of the images are used for training and 10% for validation. Images are
augmented via axis-aligned rotations and flips. The network architecture details and comparison
of different methods on typical images are shown in Fig. S3. Note that comparing with the
traditional watershed algorithm and our previous method (1), the method present in this work
shows significantly improved robustness against the formation of the inner-particle cracks, as well
as the distinguishability of closely located particles.
It is worth noting that there are still challenging cases where some regions are missed in single 2D
images (e.g. the 𝑥𝑦 section) due to various factors such as the low contrast and tomography
reconstruction artifacts. However, the missing information is often available in other sections, for
example the 𝑥𝑧 and 𝑦𝑧 views. This observation motivates us to construct a new intermediate
representation of a particle by fusing labels from different sections. To elucidate this redundancy,
the predicted 2D particle probability maps from 𝑥𝑦, 𝑦𝑧 and 𝑥𝑧 sections are averaged together
followed by a clustering of pixels that essentially converge to the particle labels with connected
components. This procedure ensures that all the particles can be accurately identified and
quantified, which was manually inspected and refined.
This approach integrated the morphological information of NMC particles into the neural network
and generalized the pre-trained 2D model to 3D particle identification. It helps to increase the
segmentation sensitivity and avoids the computation and memory issues for 3D segmentation
network by running the neural networks on every 2D section. We should point out that, this
approach is particularly suitable for the highly accurate identification of NMC particles on the
tomography data of multi-layer electrode, in which the previous method (1) designed for single
layer electrode fails due to a lack of expressive power such as an inability of precisely follow
particle boundaries in different slices or to incorporate information from different sections. In
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addition, although most of particles considered in this work are with roughly spherical shape, the
morphology-informed neural network (47) can be applied to other particle shapes as well, for
instance the single-crystal cathode.
Finite element analysis
We perform finite element analysis to understand the evolution of electrochemical activity and
mechanical damage during (dis)charge cycles. The geometry for the half cell consists of a cathode
current collector at the bottom, carbon/binder (CB) domains enclosing the NMC active particles
(10 µm diameter), a separator, and a Li metal at the top. Galvanostatic charging and discharging
occur at a 5C rate. The CB domain is porous (50%) and is filled with the electrolyte. The CB
domain only conducts electrons and does not transport Li-ions. The electrolyte transports Li-ions
in both the CB and the separator regions. The governing equations of the electro-chemo-mechanics
model, including electron conduction in the CB domain, Li transport in the liquid electrolyte across
the porous composite electrode, charge transfer at the interface between the NMC particles and the
electrolyte, Li diffusion within the NMC particles, and mechanical deformation and stresses in
NMC and CB, are the same as described in detail in our prior publication (3). Within NMC
particles, the gradients of both concentration and hydrostatic stress contribute towards the flux.
The isotropic diffusivity of NMC is 𝐷 = 2 × 10*+, m2/s. The electrical conductivity of the high
conductivity CB domain is 100 S/m, and the value for low conductivity CB is 2 × 10*- S/m. A
zero-displacement boundary condition is prescribed at the outer edges of the CB domain.
The stress field is calculated using the mechanical equilibrium equation, ∇ ∙ 𝝈 = 0. The stressstrain relation follows Hook’s law, 𝝈 = 𝐂: 𝜺𝒆𝒍 , where 𝐂 is the elastic stiffness matrix and 𝜺𝒆𝒍 is the
elastic strain matrix. The NMC (E = 140 GPa, n = 0.3) and CB (E = 2 GPa, n = 0.3) are modeled
as linearly elastic isotropic materials, E is the elastic modulus and n is the Poisson’s ratio. We
assume a linearly isotropic volumetric change with the variation of lithium concentration, 𝜺𝑳𝒊 =
(1/3)Ω2 (𝐶 − 𝐶(3( )𝐈, where 𝜺𝑳𝒊 is the lithiation induced strain, Ω2 is the partial molar volume of
Li atom, 𝐶 is the Li concentration and 𝐶(3( is the initial Li concentration at the stress-free state.
The cohesive bi-linear traction-separation curve determines the damage at the interface of NMC
active particles and CB. The tensile strength for the cohesive zone is 300 MPa, and the fracture
energy is 0.4 J/m2.
The modified Butler Volmer kinetics is 𝜂 = 𝜙$ − 𝜙" − 𝐸45 − (𝑖62 ∙ 𝑅), where 𝜂 is the driving
overpotential, 𝜙$ is electric potential, 𝜙" is electrolyte potential, 𝐸45 is equilibrium potential, 𝑖62
is current through the interface, 𝑅 is the resistance term and (𝑖62 ∙ 𝑅) represents the correction in
driving force due to the damage-induced electrical contact loss. The resistance term is defined as
𝑅 = 𝑅7 𝑒 (9:9!"! )/9#$% , where 𝑅7 = 1.0 × 10*- Ω ∙ m= , 𝜆 is the gap at the NMC and CB interface,
𝜆(3( = 0 for high conductivity CB and 𝜆(3( = 0.2 nm for low conductivity CB and 𝜆>4? = 1 nm.
The other parameters used for the computational modeling are listed in the Table 1 in the previous
publication (3). The governing equations of diffusion kinetics and deformation kinematics are
solved simultaneously at every time step in COMSOL Multiphysics. We use built-in timedependent solver MUMPS (MUltifrontal Massively Parallel sparse direct Solver) to solve the
evolution of lithium concentration, stress field, and damage.
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Regularized auto-encoder network for dimensionality reduction
We firstly feed the extracted attributes into the regularized autoencoder neural network. The
purpose of this step is to reduce the dimensionality of the attribute space while retaining the most
valuable information. Importantly, the relationship between attributes embedded in the original
space is rather non-linear.
The autoencoder network is composed of an encoder, a latent representation and a decoder (31).
The encoder is to compress the data to their low-dimensional representation and the decoder tries
to reconstruct the latent representation back to their initial dimension. The purpose of training an
autoencoder is to minimize the reconstruction loss while removing the noise in the input data as
much as possible. In this work, we incorporate the sparsity regularization and ℓ= regularization to
prevent autoencoder from learning identity function and to improve their ability to capture
important information and obtain richer representation. A schematic illustration of the network
architecture is shown in Fig. S8A.
Specifically, the loss function for training the autoencoder network is defined as follows:
1
||Y − 𝑌O||== + 𝜆ℛℓ& + 𝛽ℛsparsity ,
𝑛
R is the reconstructed data with reduced noise and
where 𝑛 is the number of input data Y, Y
enhanced correlation among attributes. ℛℓ& and ℛsparsity are the ℓ= and sparsity regularizer,
respectively. 𝜆 and 𝛽 are the corresponding regularization parameters, which are set to be 0.001
and 0.01 respectively. We choose the number of latent representations to be 9 using crossvalidation on the validation set (5%) to minimize the validation error (Fig. S8B). The advantage
of the adopted regularization strategies regarding better coding-decoding performance is
demonstrated in Figs. S8C and S8D.
ℒ@A =

The correlations of the latent representations and reconstructed attributes are calculated by the
Pearson correlation coefficient. They are subsequently visualized by the Circular plots (34). A
useful property of the autoencoder network is that it not only provides low-dimensional
representations by learning important attributes but also allows reconstructing back to the original
space. By sorting the LDs based on their respective significance and selectively removing the
unimportant LDs prior to decoding, the coding-decoding process could suppress the effects of
noise in the experimental data and uncertainties in the attribute extraction. This is particularly
important for our application because the correlations among different LDs contain rich
information but without offering specific physical justification and implications. Thus we further
compose the circular correlation maps among the top-15-ranked original attributes for the datasets
of 10-cycled and 50-cycled electrodes, respectively (Fig. S10). A quick assessment of the
difference between 10-cycled and 50-cycled data suggests that some attributes seem to play a
different role at a later stage of the battery operation. However, this one-to-one Pearson correlation
could potentially induce the misinterpretation of variables due to its limited robustness in handling
the highly complicated multivariable systems, which motivates the subsequent regression analysis.
Random forest regression and identification of contribution scores
We utilize the random forest (RF) regression (32), which is one of the most popular tree-based
ensemble-learning methods, for the regression of the damage degrees with respect to the other
attributes of all particles in a supervised manner. It operates by constructing a multitude of decision
5

trees in the training process and outputting the mean prediction of the individual trees. We split
the data into training and test datasets (95% / 5%) and quantify the regression performance using
+
mean absolute error (MAE) which is defined as 𝑀𝐴𝐸 = C ∑C)D+| 𝐴) − 𝑃) |, where 𝐴) is the actual
value of the particle damage and 𝑃) is the fitted value. The maximum depth of the random forest
tree is set to be 30.
The SHAP (SHapley Additive exPlanations) (33) is used to tell how to rank the attribute
importance of the particle properties to the damage level. SHAP values are computed in a way that
attempts to isolate away of correlation and interaction as well. Attributes with large absolute
Shapley values (37) are considered to be important. The global importance is obtained from the
summation of the absolute Shapley values per attribute across the data. To diminish the spurious
contributions coming from the algorithm initialization and data size, we trained various regression
models through two robustness validation strategies (denoted by scattering dots with triangle and
square markers in Fig. 4 respectively): 1) instead of using the full training data, we randomly draw
500 particles for 10 times and performed the regression; 2) the randomness of the bootstrapping
of the samples used when building trees and the sampling of the attributes to consider when looking
for the best split at each node are set to be 10 different values. The consistency among different
models, along with the usage of cross-validation when testing, allows us to better interpret the
models with robustness demonstration and reliability.
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Fig. S1. The Electrochemical performance of the coin cells used in this study. All the coin
cells went through a formation cycle at 0.1C. After the formation cycle, the coin cells were cycled
at 5C for (a) 10 cycles or (b) 50 cycles. The voltage curves of the coin cells are color-coded, with
the initial cycles in green and the end cycles in red. All the coin cells were cycled between 2.5-4.5
V.
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Fig. S2. Illustration of the 3D particle identification method. (A) The input 3D tomography
data is firstly sliced into three sections by slicing in different directions. (B-C) Each 2D section is
passed through the morphology-informed neural network to obtain the predicted particle locations.
(D) The generated particle maps from different sections are then combined to obtain the final 3D
segments. (E) Explanation of the data fusion strategy, which makes use of the information
redundancy of single particle to increase the detection accuracy and segment in 3D without 3Dlabeled data.
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Fig. S3. Details of the morphology-informed neural network and comparison of different
particle segmentation methods. (A) The particles are densely predicted by a U-Net architecture
and then selected the final instances via non-maximum suppression (NMS). (B) The network (47)
predicts the star-convex-polygons constrained particles and the probability map is used to obtain
the final detection result. (C) The detection results by conventional watershed algorithm and the
method in previous publication (1). (D) Zoomed-in region indicated by red rectangle in (B) to
amplify the difference among various methods. Notice the distinguish ability between two particles
as indicated by the orange arrow.
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Fig. S4. Additional finite element analysis results of the electrochemical activity and
mechanical damage for a half-cell configuration containing five NMC active particles. The
inset displays the schematic illustration where two CB domains surround five NMC active
particles. The damage profiles follow a pattern similar to the three-particle system with an initial
breakout, divergence, and ultimate convergence.
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Fig. S5. Graphic illustrations of the typical attributes extracted from the identified NMC
particles. The description can be found in Table S1. (A) Position, X, Y and Z; (B) Position, Yaw,
Pitch and Roll; (C) The way to determine the electron density and its standard deviation; (D)
Elongation, sphericity and VSratio; (E) Contact; (F) Packing density; (G) The definition of 6connectivity of neighbors; (H) Orientational isotropy (OrienIso).
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Fig. S6. Statistical comparisons of typical attributes. (A) the z position, (B) sphericity, (C)
volume and (D) the degree of particle damage, are carried out as a function of cycling stages (10
cycles and 50 cycles). (E) The plots of damage degree as a function of volume for 10cyc and
50cyc.
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Fig. S7. Illustration of analysis pipeline with the interpretable machine learning framework.
Over 2000 NMC cathode particles are firstly identified accurately through morphology-informed
neural network. Various particle attributes are then extracted and fed into the interpretable machine
learning models to evaluate the correlation between attributes and the scores of each attribute’s
contribution to the particle damage.
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Fig. S8. Regularized auto-encoder network for dimensionality reduction. (A) Architecture of
the autoencoder neural network. (B-D) Evaluation of the proposed autoencoder-based analysis
method; (B) The optimal number of latent representations is determined by cross-validation. 𝑁 =
9 is chosen to minimize the validation error. (C) With the regularization terms, the better
performance can be obtained. (D) Comparison of the coding-decoding performance between the
proposed autoencoder with regularization and the traditional PCA-based method.
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Fig. S9. Correlations between the latent dimensions (LDs). The correlation matrix of 9 LDs in
10-cycled (A) and 50-cycled (B) electrodes. The corresponding Circular plots of the correlations
of 9 LDs in 10-cycled (C) and 50-cycled (D) electrodes. The “+” and “-” signs denote positive and
negative correlation, respectively. The correlations common to both electrodes are set semitransparent while the different ones are highlighted.
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Fig. S10. Correlations between the reconstructed attributes. The correlation matrix of top 15
attributes in 10-cycled (A) and 50-cycled (B) electrodes. The corresponding Circular plots in the
original space in 10-cycled (C) and 50-cycled (D) electrodes. They are reconstructed from the
latent representation through the coding-decoding process by the regularized autoencoder neural
network. The common connections are shown in light colors and the different ones are highlighted
in dark colors.
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Fig. S11. The Pearson correlation coefficients of all attributes to the particle damage in 10cycled (green) and 50-cycled (blue) electrodes. Data-subsampling is used for robustness
validation. The mean and standard deviation of the differences in the correlation coefficients
between the 10-cycled and 50-cycled data are plotted on the top. No obvious transition across
cycles is observed by the interpreting method of Pearson correlation coefficients.
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Fig. S12. Schematic illustration of the cathode particle network evolution upon battery
cycling. The electrochemical activity and degradation of every single particles co-evolve, causing
a transition from particle activation to electrochemical segregation to electrode synchronization.
Colors represent different activation states, and the same color indicates that particles are coevolving.
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Table S1. Name and description of all extracted attribute from the identified NMC particles.
They are grouped into four categories: position, chemistry, particle structure and local morphology.
The corresponding graphic illustrations can be found in Fig. S5.
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