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ARTICLE INFO ABSTRACT

Keywords: Lithium plating is a safety-critical parasitic process in lithium-ion batteries that reduces efficiency and usable
Lithium plating capacity and elevates safety risk. Conventional assessment relies on manual post-mortem inspection, but
Deep learning manual inspection is slow, subjective, and hard to scale. This work introduces an automated computer-vision

Variational autoencoder
Battery diagnostics
Computer vision

methodology for the systematic characterization of lithium plating. A convolutional attention-based variational
autoencoder with k-means clustering identifies and quantifies plating features from high-resolution flatbed
scans. The model was trained on the complete imaging set (over 5000 scans from more than 60 cells) to
construct a descriptive morphological atlas of the experimental matrix. A fixed condition-complete subset
of 13 cells (N = 1,092 scans) was used solely as a convergence monitor and for the quantitative trend
analyses reported in this work. The learned two-dimensional latent space disentangles C-rate (1C to 4C) and
temperature (—20°C to —5°C) while tracking plating severity and spatial uniformity; its coordinates correlate
monotonically with the stripping capacity Qy;,, providing a quantitative bridge between surface morphology
and electrochemical indicators. Spearman analysis confirms these latent axes encode operating conditions:
Diml vs Temp |p|=0.93, Dim2 vs Temp |p|=0.84, Diml vs C-rate |p|=0.75, Dim2 vs C-rate |p|=0.72. The
approach delivers objective and scalable diagnostics that complement non-invasive electrical methods and
demonstrates that computer vision can capture operating-condition effects directly from post-mortem images,
enabling risk maps and high-throughput screening to support safer and longer-lasting lithium-ion battery

systems.

1. Introduction In practice, detecting and managing lithium plating relies on com-
plementary diagnostics operating at different scales, motivating spa-

Achieving fast yet safe charging of lithium-ion batteries under realis- tially resolved, quantitative analysis. These methods can be categorized

tic operating conditions remains the key technical barrier to widespread into two classes: non-invasive and invasive. Non-invasive diagnos-
electrification. Real-world temperature, state-of-charge, aging, and cell- tics such as differential voltage analysis (DVA) [6], Electrochemical
to-cell variability strongly modulate intercalation kinetics and plating Impedance Spectroscopy (EIS) [7,8], and Distribution of Relaxation
risk, so protocols that are safe in the lab can fail or be overly conserva- Times (DRT) [9] provide indirect indicators of lithium plating. In DVA,

an early dV'/dQ “stripping” feature at the start of discharge serves as
an indicator for reversibly plated lithium, often quantified by the extra
capacity Qgyip [6,10]. In EIS, the immediate post-charge emergence and
subsequent relaxation of a low-frequency process (frequently observed
as a transient inductive loop) signals plating/stripping kinetics [7,8].
In DRT, plating manifests as a new or shifted time constant associated

tive in the field. Fast charging at low temperature can trigger lithium
plating when Li* does not intercalate into graphite quickly enough
and metallic lithium deposits on the anode surface [1,2]. Lithium
plating consumes cyclable lithium, reduces capacity and potentially
forms dendrites that pierce the separator, creating internal shorts and,
in severe cases, leading to thermal runaway [3-5].
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with anode charge-transfer processes [9]. These signatures are valuable
for protocol screening, yet they average responses over the entire cell
and therefore cannot localize where plating initiates [9]. To address
the lack of spatial resolution in global electrical measurements, recent
advances in internal sensing and distributed diagnostics have emerged.
Implanted potential sensing separators and stable reference electrodes
now allow for the direct, in situ monitoring of local anode poten-
tials and plating conditions [11,12]. Concurrently, novel distributed
characterization methods, such as operando magnetic field mapping
and kinetic evolution studies, provide a more comprehensive view of
spatially inhomogeneous reactions and the dynamic onset of lithium
plating [13,14].

To bridge cell-averaged signals with structural evidence, correlative
studies have combined electrical stripping with imaging to validate the
onset of plating and to anchor interpretation of electrical features [3,
15]. Building on this, operando probes introduce spatial and temporal
context on intact cells. Neutron diffraction (ND) tracks the graphite
peak to quantify local lithiation and attributes surplus signal beyond
full lithiation to metallic lithium [16], while ”Li nuclear magnetic reso-
nance (NMR) detects metallic lithium directly via its Knight-shifted res-
onance near 260 ppm, separated from the ionic signal near 0 ppm [17].
Beyond neutron and NMR, ultrasound-based scanning acoustic imaging
offers a complementary, non-destructive operando modality. Open-
hardware scanning acoustic microscopy (SAM) resolves aging patterns,
in-situ SAM enables layer-resolved tomography, and recent operando
work visualizes lithium plating in multilayer pouch cells [18-20].
While SAM provides valuable operando insight (e.g., 75 pm pixel size in
multilayer pouch cells [20]), this post-mortem optical pipeline achieves
substantially finer spatial resolution across entire electrodes, which is
crucial for localized quantification. Although powerful, these operando
techniques require specialized instrumentation and are not easily de-
ployed for high-throughput studies. When broad coverage and high
spatial details are needed, post-mortem analysis remains the most direct
way by using optical microscopy, scanning electron microscopy (SEM),
and glow-discharge optical-emission spectroscopy (GD-OES) depth pro-
filing to map morphology and distribution. In commercial formats,
temperature and mechanical pressure gradients drive highly inhomo-
geneous lithium plating [21-23]. Optical and electrochemical studies
under realistic fast charge protocols have visualized lithium plating
fronts and have informed mitigation strategies, while loading and high
current further shape failure modes [24-29]. However, the volume
and complexity of these measurements, together with the need for
structural context, make manual interpretation a bottleneck. Manual
interpretation of large image sets remains slow, subjective, and difficult
to scale, underscoring the need for objective post-mortem workflows
that convert images into quantitative, localized maps and interface
cleanly with cell-level electrical signatures. These constraints motivate
automated image analysis. Image-based analysis has become central to
high/throughput materials and biomedical diagnostics [30,31]. Convo-
lutional neural networks (CNNs) and variational autoencoders (VAEs)
learn compact latent representations that capture subtle texture and
morphology, and simple clustering methods such as k-means can sep-
arate latent features into coherent groups [32,33]. Recent work has
demonstrated that these tools transfer effectively to electrochemical
imaging, reducing manual effort while enabling objectivity [34-36].

Despite this method, key gaps remain. Routine post-mortem work-
flows still depend on manual visual inspection, which is time-
consuming, expensive, subjective, and difficult to scale. The field
lacks an objective and scalable method that localizes lithium plating,
quantifies its spatial patterns, and links those patterns to operating
conditions while interfacing cleanly with cell level electrical signa-
tures. Computer vision for post-mortem lithium plating analysis is only
emerging, with few open datasets. Current methods flag plating yet
need rapid, spatially resolved quantification at scale. Closing this gap is
critical as fast charging becomes routine [37]. Fast charging is moving
from laboratory validation to widespread deployment in transportation
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and grid services [37,38]. Manufacturers and researchers require rapid
and reproducible methods to screen protocols, assess failure risk, and
provide feedback on design changes for thermal management and
mechanical compression [39]. An automated and quantitative mapping
of lithium plating shortens the iteration cycle, reduces expert time,
supports quality assurance, and creates a bridge between cell-level
electrical signals and spatially resolved ground truth [40,41].

To meet these needs, this work presents an automated, unsuper-
vised, label-free quantification and categorization computer vision
pipeline for post-mortem characterization of lithium plating across
entire electrodes at scale, aligned with C-rate and temperature. A
convolutional attention-based variational autoencoder (ConvAttnVAE)
with k-means clustering learns from high-resolution flatbed scans to
identify, cluster, and quantify lithium plating features without labeled
data. Validated on scans from more than 60 cells cycled across temper-
atures and charge rates with 84 sheets per cell, the model visualizes
expected trends with stronger lithium plating at lower temperatures
and higher charge rates and reveals a two-dimensional latent space
that disentangles operating conditions (C-rate and temperature) while
tracking plating severity and heterogeneity. The learned latent coor-
dinates correlate with stripping capacity Q,,;,, turning image texture
into quantitative indicators for diagnostics. By converting large-scale
post-mortem imagery into objective features, the pipeline enables
fast-charge risk mapping and high-throughput protocol screening, de-
livering scalable diagnostics that complement non-invasive electrical
methods and support the development of safer and longer-lasting
lithium-ion battery systems.

Beyond automating post-mortem inspection, the central contribu-
tion is a continuous plating-severity coordinate learned in an unsuper-
vised manner from full-electrode scans. This 2D representation aligns
with the two controlled drivers (C-rate, temperature) and converts
morphology into quantitative indicators that track Q,,;,, enabling risk
maps and protocol triage without labels.

2. Methodology

The overall workflow (see Fig. 1) consists of three stages: (i) Data
acquisition and preprocessing: Cells are cycled over a matrix of
temperatures and charge rates. After cycling, cells are opened and the
harvested electrode sheets are imaged on a flatbed scanner to obtain
high-resolution images. Sheet regions are extracted, followed by basic
normalization and quality control. In many cases, lithium plating is
already observable by eye as distinct textural patterns. (ii) Representa-
tion learning: Image tiles are encoded with a VAE, yielding a compact
latent vector for each tile that captures morphology and texture rele-
vant to plating. (iii) Clustering and analysis: The latent embeddings
are clustered to group tiles with similar appearance, and cluster dis-
tributions are correlated with operating conditions. Clusters enriched
at low temperature and high charge rate correspond to visually plated
surfaces, enabling data-driven identification and characterization of
plated sheets.

2.1. Experimental setup and data generation

The cells under investigation originate from a Tattu TAA-850-3S-
75-XT3 battery pack. Each pouch cell is rated at 850mAh with a
datasheet voltage window of 3.0-4.2 V. The chemistry is lithium cobalt
oxide (LCO) vs. graphite with an EC:PC:DMC electrolyte containing
LiPF, conductive salt (identified via EDX/ICP-OES and GC-MS). Across
the batch, the initial capacity ranged from 846 to 893mAh (mean
873 mAh), and the 1kHz AC resistance was 3.14-3.63m¢& (mean
3.36 m«2). A typical cell weighed 20.81 g and measured approximately
2.9 cm X 5.0 cm X 0.7 cm. The jelly-roll comprised 42 anode sheets
(single-side coating thickness 26-29 pm on a 6 pm Cu current collector)
and 41 cathode sheets (single-side coating thickness 23 ym on a 14 pm
Al current collector), separated by a 15pum separator. Individual cells
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Fig. 1. Unsupervised workflow for lithium plating analysis: label-free plating analysis from post-mortem scans. LCO pouch cells (850 mAh) are cycled across a
temperature-C-rate condition matrix. Post-mortem electrode surface scans are preprocessed and embedded using a convolutional attention VAE (ConvAttnVAE).
The encoder maps each image to a latent vector Z (parameterized by Z, and Z,), and clustering in this latent space yields a data-driven “plating space” that

organizes electrodes by morphology and severity for subsequent analysis.

a) b)

Fig. 2. Electrode surfaces. (a) Extracted cathode showing the textured LCO
active material. (b) Anode at 100% state of charge, where the reddish-brown
color reflects lithium intercalation into graphite [15]. (For interpretation of
the references to color in this figure legend, the reader is referred to the web
version of this article.)

were separated and mounted in a custom mechanical fixture consisting
of two aluminum plates, guide rails, and bolt-guided springs, providing
uniform clamping pressure while acting as a passive heat sink. This
arrangement ensured reproducible mechanical conditions and passive
cooling, which are necessary to control thermal gradients and prevent
artifacts during cycling. All tests were conducted in a climate chamber
(Binder MK 53) to maintain a stable temperature environment [15].
To visualize the internal state, the cell was opened post-cycling
under an inert argon atmosphere (O, <1 ppm, H,0<0.3 ppm) to avoid
corrosion. Fig. 2 shows typical cathode and anode surfaces. The cathode

displays the textured lithium cobalt oxide (LCO) coating, while the an-
ode exhibits a reddish-brown color consistent with full lithiation [15].
These visual inspections guided the subsequent image-based analyses.

2.2. Cycling protocol, post-mortem imaging and data preprocessing

Each cell was cycled following the protocol detailed by Ditler
et al. [15]. After conditioning cycles at C/10, constant-capacity charges
at different C-rates were applied to achieve defined states of charge.
Cells then underwent either a stripping test (C/20 discharge) or a
5h open-circuit rest. A C/10 cycle between each high-rate charge
step helped restore baseline conditions. Separate cells were used for
each temperature (—5°C to —20°C) to prevent cumulative degradation
effects.

Immediately after the final charge/discharge step, cells were opened
in the glove box, and electrodes were flattened and scanned using a
Canon CanoScan LiDE 300 at 600 DPI (42 pm pixel width). Uniform il-
lumination and fixed geometry ensured comparable imaging conditions
across all samples. More than 60 cells were imaged, yielding over 5000
anode scans. To maximize interpretability, Ditler et al. [15] applied an
automated ROI-detection and cleaning pipeline: grayscale conversion
and median blurring, binary thresholding with morphological opening,
and contour-based square detection and ordering to isolate the 42
sheets per scan. Their work also confirmed that bright spots correspond
to metallic lithium rather than salt deposits, establishing confidence in
the label-free identification of lithium plating.

An illustrative subset of the dataset is displayed in Fig. 3. Each
row corresponds to a different temperature (from —5°C to —20°C),
and columns vary the charging C-rate (from 1C to 4C). The absence
of images at certain low temperatures/high C-rates results from cells
reaching voltage limits, preventing further cycling. Consistency in im-
age input is essential for machine learning. The raw scans were slightly
variable in size. Thus, all images were resized directly to 960 x 640
pixels without cropping or padding. This simple resizing preserved full
field-of-view while standardizing the input tensor shape. The origi-
nal three-channel (RGB) format was maintained, as color cues were
considered informative for detecting plating features.

To construct a comprehensive morphological atlas of the experimen-
tal set, the ConvAttnVAE was trained in a one-stage, descriptive setting.
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Fig. 3. Experimental condition matrix (temperature-C-rate) with representa-
tive anode scans. Representative post-mortem anode surface scans are arranged
by charging C-rate (1-4C) and temperature (-5°C to —20°C), defining the
experimental design used throughout the manuscript. At the most extreme
low-temperature/high-C-rate combinations, charging terminated early due to
voltage limits, so no sample is available. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this
article.)

The objective of this work is dimensionality reduction and unsupervised
clustering of the degradation patterns present in the acquired post-
mortem image set, rather than supervised prediction on an unseen test
population. Consequently, no permanently held-out test set was defined
for predictive benchmarking. For quantitative, condition-wise analyses
that require a complete temperature-C-rate grid, a fixed condition-
complete base set consisting of 13 cells was defined, totaling N =
1,092 sheet images, which is also used for within-group correlation
summaries (base data, N = 13; Fig. 6). This subset covers the full
sampled range of temperatures (—20°C to —5°C) and charging rates (1 C
to 4C) as defined by the experimental condition matrix (Fig. 3). All
images from a given cell (including front/back sheet orientation) were
kept together when forming this base set to avoid unintended mixing
at the cell level.
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2.3. Latent feature extraction

In machine learning (ML) and deep learning (DL), supervised meth-
ods learn mappings from labeled inputs to outputs, whereas unsuper-
vised methods infer structure directly from unlabeled data. Because
labeling subtle plating cues is infeasible and error-prone, unsupervised
models are used to uncover the underlying structure. A variational
autoencoder (VAE) [32] was selected for its capacity to compress
high-dimensional images into a lower-dimensional latent space while
preserving essential morphological information. The resulting latent
space preserves essential morphology while suppressing noise and re-
dundancy, facilitating downstream tasks such as clustering, anomaly
detection, and visualization of plating-related variability. By proba-
bilistically modeling the data distribution, VAEs efficiently capture
the variability induced by factors such as charging cycles, tempera-
ture, and usage patterns, all of which are crucial in understanding
lithium plating and overall battery health [32,42,43]. In contrast to
convolutional neural networks (CNNs) that require labeled data [44]
or generative adversarial networks (GANs) [45] that can be unstable
to train [46], VAEs provide a balance between stability, interpretabil-
ity and generative capability [32]. Their capability to extract and
interpret intricate data patterns in image processing and anomaly de-
tection tasks has been previously demonstrated [47], showing parallel
benefits for the post-mortem examination shown here. The choice of
a two-dimensional latent space was made to simplify visualization
and cluster interpretation. The axes provide a compact map that is
easy to visualize and relate to the two dominant operating factors
(C-rate and temperature). Clustering in the VAE latent space turns
continuous embeddings into pseudo-labels and compact summaries of
morphology. Each image or cell is characterized by a vector of cluster
proportions, enabling direct comparison across samples and conditions.
These summaries support general association analyses with operating
covariates (e.g. temperature, C-rate) and response-surface mapping to
identify regimes enriched for specific morphologies. Utility is verified
via prototype reconstructions and standard validity/stability metrics.

The specific architecture utilized, termed ConvAttnVAE (see
Table 1), consists of a convolutional U-Net backbone enhanced with
1-head self-attention. Attention layers capture both local details and
long-range dependencies, improving the model’s ability to recognize
global texture variations indicative of lithium plating. The encoder
compresses images to two latent variables (mean and variance), while
the decoder reconstructs images from these variables. The reparameter-
ization scheme allows gradients to pass through the stochastic sampling
step.

The training configuration is summarized in Table 2. Training used
the AdamW optimizer with a learning rate of 1 x 107>, (8, 5,)
(0.9,0.98), and a weight decay of 1x 10~3. Early stopping on validation
loss prevented overfitting. To improve robustness to illumination and
minor geometric variability, common data augmentation techniques
were used (random brightness/contrast/saturation, Gaussian blur and
noise, random flip). The loss function combined the mean squared error
(MSE) for reconstruction accuracy, Kullback-Leibler divergence (KL) to
regularize the latent distribution, mutual information (MI) to maximize
information preservation and total correlation (TC) to promote disen-
tanglement. A batch size of four and an image size of 960 x 640 were
chosen to balance computational efficiency and reconstruction quality.

A joint embedding strategy was used to make the feature extraction
robust. Each training sample consisted of an original image and a ver-
sion with 10 of the 5-by-5 image tiles randomly masked. Both versions
passed through the same encoder, and their latent representations were
encouraged to match via a similarity loss. Random masking was applied
at every step to expose the model to diverse occlusion patterns, leading
to a latent space that generalized well to varying surface textures. The
entire training procedure was implemented on an NVIDIA A100 GPU.

Fig. 4 illustrates the operational framework of the ConvAttnVAE
model, encompassing both the training and feature extraction phases.
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Table 1
ConvAttnVAE architecture summarizing the main components and their functions.
Component Channels/Dim. Structure & Parameters Purpose Output/Notes
Backbone - Conv. U-Net [48] with a self-attention Fuse local + global context Hierarchical feature maps
bottleneck [49]; Conv2D uses k=3x3, s=(1,1),
p=(1,1)
Encoder 16 — 512 6 resolution stages with one ConvBlock per Multi-scale feature extraction Z,, 2y
stage and downsampling; GroupNorm (8
groups); attention after last stage; input: 3
channels (RGB), 960 x 640
Latent d, =2 Reparameterization of N'(z,,z,.); MLP hidden Compact representation Latent vector z
dim. 256
Decoder 512> 16—-3 Attention at bottleneck followed by 6 Reconstruction synthesis X
resolution stages with upsampling; final
Conv2D k=3x3, s=(1,1), p=(1,1)
Attention 1 head Multi-head self-attention block with A=1 used Long-range dependencies Improves global consistency
symmetrically in encoder/decoder bottleneck
Table 2
Optimizer and training configuration for ConvAttnVAE.
Aspect Settings Purpose Effect/Notes
Optimizer AdamW [50] Decouple weight decay from gradient Stable, fast convergence on

update; robust on large nets ConvAttnVAE’s parameter space

Learning rate = 1x1073%; By, B,) =(0.9,0.98);
weight decay = 1x1073%; ¢ = 1x10™°

Hyper-parameters Balance speed vs. over-fit; penalize large

weights

Promotes smooth training and limits
over-saturation of weights

Stability control Early stopping on validation loss Halt when generalization stops

improving

Prevents over-fitting; keeps best
checkpoint

Loss function L =MSE+KL+MI+TC Reconstruction accuracy (MSE); latent

regularization (KL); informativeness

Encourages precise reconstructions,
smooth latent manifold, independent

(MD); disentanglement (TC)

factors of variation

In Fig. 4a, the training phase is illustrated. The encoder processes an
input image to produce the mean (Z,,.,,) and variance (Z,,,) vectors,
defining the latent Gaussian distribution. A latent vector Z is then
sampled from this distribution. The decoder reconstructs the image
from Z, aiming to produce an output that closely matches the original
input. Simultaneously, a masked version of the input image is processed
in parallel, promoting robustness in feature extraction even when parts
of the image are obscured. A joint embedding with random tile masking
encourages invariance to occlusions and local surface contaminants
by aligning masked/unmasked views in latent space. This dual-input
strategy ensures that the encoder learns to capture essential features
that are consistent across variations in the input data. In Fig. 4b,
the feature extraction phase is displayed. The encoder maps input
images into the latent space, with the resulting mean and variance
components visualized. The scatter plot shows the distribution of the
latent representations, with the mean values plotted in red and the
variances in blue. This visualization provides insights into how the
model interprets the data, with clusters indicating groups of images
with similar features and the spread of variances reflecting the model’s
confidence in its representations.

2.4. Clustering in latent space

To interpret the learned latent representation, k-means clustering
was performed on the two-dimensional latent coordinates. The number
of clusters, k = 13, was chosen to correspond to the 13 combinations
of temperature and C-rate in the dataset, facilitating direct comparison
with experimental conditions. This clustering identified groups of latent
points that shared similar morphological characteristics. The presence
of a small cluster of outliers underscored the algorithm’s ability to
detect unusual images (e.g. black outer anode sheets). Exploring alter-
native cluster numbers is possible and could reveal additional structure.
However, k = 13 provided a good interpretable partition for the present
dataset.

Overall, the methodological choices were guided by two key goals:
extracting informative features from high-resolution electrode images
and enabling reproducible, interpretable analyses of lithium plating
patterns. The use of a controlled mechanical fixture and climate cham-
ber ensured that electrochemical tests were performed under consistent
conditions. High-resolution scanning under an argon atmosphere pre-
served surface morphology without artifacts. A ConvAttnVAE provided
an unsupervised, robust latent representation that could capture subtle
morphological variations across thousands of images. Finally, k-means
clustering in this latent space made it possible to link morphologi-
cal trends to specific combinations of temperature and charging rate,
thereby connecting imaging observations to experimental variables.

3. Results and discussion

After training the ConvAttnVAE on the full set of high-resolution
anode scans, the encoded latent representations and resulting clusters
were analyzed to uncover patterns in surface morphology and their
dependence on cycling conditions. This section presents the findings
and interprets them in context. The subsections below describe the
latent embedding and morphological continuum, additional cues cap-
tured in the latent space, the dependence of the latent coordinates on
operating conditions, the relationship between latent dimensions and
electrochemical indicators relative to prior work, and the limitations
and future directions suggested by this study.

3.1. Latent embedding and morphological continuum

Encoding high-dimensional anode images into a two-dimensional
latent space via the ConvAttnVAE produced a map in which samples
cluster according to surface morphology. Applying k-means clustering
with k = 13 organized the latent points into groups that correspond to
distinct morphological states. Fig. 5a displays the latent map colored
by cluster labels, while Fig. 5b provides representative images for each
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Fig. 4. Operational framework of the ConvAttnVAE model for decoding lithium plating patterns. (a) Dual-Input Training Strategy: The training phase employs
a self-supervised reconstruction task using both original (X) and masked (X) electrode images. The network uses an Encoder (E) that maps inputs to a probabilistic
latent distribution (defined by mean Z, and standard deviation Z,). To ensure robust feature learning, a Mean Squared Error (MSE) loss is applied specifically
to minimize the discrepancy between the latent means of the full (Z,) and masked (Zu) inputs, forcing the model to infer missing morphological context.
(b) Feature Extraction Phase: Post-training, the fixed Encoder projects new input images into the low-dimensional latent space (Z). This projection clusters

electrodes based on morphological similarity, establishing a “plating space” (visualized here with mean and variance components) for subsequent severity analysis
and classification.
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Fig. 5. Latent representation of anode images. (a) Two-dimensional latent space of VAE-encoded anode images colored by k-means clusters (k = 13, each group
one color). Shading denotes group-wise mean plating severity k* (0-5; 0 =excluded group). (b) Representative samples from each cluster (0-12). Groups
span clean surfaces to heavy, granular plating; Group 8 shows dark outer anodes (out of domain). (¢) Quantitative orientation features. Stacked bar chart of
front (top-left overhang) vs. back (top-right overhang) sheets per cluster (N = 1092), verifying that the VAE successfully disentangles geometric orientation. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Cluster-wise morphology and plating severity. The mean plating severity k* increases from clean surfaces (Groups 0, 3, 7, 12) to severe granular deposits
(Groups 9-11), with Group 6 capturing rare extreme cases. Group 8 contains dark out-of-domain images. The ordered progression of groups and the monotonic
rise in mean k* indicate that the clusters act as discrete samples along an underlying continuum of plating severity and texture heterogeneity, rather than as hard

physical classes.

Group Images Visual traits Plating severity [0-5] Morphology descriptor

0 369 Uniform reddish-brown surface 0.96 Slight lithium plating at the borders

1 69 White deposits from the borders 1.72 Visible lithium plating at the borders; plating in the center
2 56 White deposits with organic structures 2.55 Strong lithium plating

3 70 Uniform reddish-brown surface 1.01 Slight lithium plating at the borders

4 51 White deposits from the borders 2.05 Visible lithium plating at the borders; plating in the center
5 143 Uniform reddish-brown surface 1.43 Early lithium plating at the borders

6 4 Strong white deposits with organic structures 3.39 Extreme lithium plating

7 213 Uniform reddish-brown surface 1.00 Slight lithium plating at the borders

8 14 Dark images N/A Out-of-domain images; black outer anode sheets

9 46 White deposits with organic structures 2.79 Strong lithium plating

10 24 Strong white deposits with organic structures 3.36 Extreme lithium plating

11 12 Strong white deposits with organic structures 3.31 Extreme lithium plating

12 21 Uniform reddish-brown surface 1.02 Slight lithium plating at the borders

cluster. Clusters containing clean, reddish-brown surfaces with mini-
mal plating occupy one region of the latent space (Groups 0, 3, 7, 12),
whereas clusters with strong, white, granular deposits occupy another
(Groups 9-11). Transitional states (Groups 5, 1, 4) lie between these
extremes, and a small cluster of extreme cases (Group 6) shows the
highest plating severity. Group 8 highlights the outer anode sheets with
dark and uneven textural features. The diversity in surface conditions
reflects unique clustering in the latent space. Finally, Fig. 5c provides
a quantitative analysis of electrode orientation, confirming that the
model encodes geometric features (overhang direction) as a discrimina-
tive factor, evidenced by the clear separation of front and back samples
in e.g., Groups 5 and 7. Importantly, the ordered arrangement of groups
from clean to heavily plated, together with the increase in mean k*
across groups (Table 3), supports interpreting the clustered map as a
discrete tiling of a continuous morphology-severity manifold rather
than a set of mutually exclusive classes. Here, k* denotes an externally
defined plating-severity grade used only for post-hoc interpretation. In
contrast, the unsupervised clusters act as pseudo-labels that discretize
the continuous manifold and may therefore split a coarse visual “mor-
phology” into multiple subgroups (e.g., due to differences in texture,
spatial distribution, or imaging/orientation cues). Additionally, Fig. 5a
underlays an elevation map of the mean k*-value per group (introduced
in [15]: k* = 0 excluded; k* = 1 lithiated graphite/no plating; k* = 24
increasing plating; k* 5 strongest), which visualizes how plating
severity varies smoothly along this latent continuum.

These observations are quantified in Table 3, which lists the number
of images, visual traits, mean plating severity k*, and morphology
descriptors for each cluster. The mean plating severity increases mono-
tonically from Groups 0, 3, 7, and 12 (k* ~ 1.0) through Groups 5, 1,
and 4 to Groups 9-11, with Group 6 exhibiting the highest severity.
The arrangement of clusters along a smooth trajectory in latent space
thus reflects a continuum from clean to heavily plated surfaces.

This latent continuum links morphology directly to plating sever-
ity, offering a compact description of degradation. Rather than hand-
crafting features or labeling images, the unsupervised approach dis-
covers a progression consistent with electrochemical expectations: mild
conditions yield uniform surfaces, while harsh conditions produce gran-
ular deposits. Such an interpretable latent coordinate could inform
diagnostics by ranking surfaces according to plating severity.

~
~

3.2. Additional cues and out-of-domain images

Beyond plating, the latent space captures systematic imaging cues.
Groups 5 and 7 share a distinct “black overhang” orientation. The
overhang appears in the upper left corner of Group 5 samples and in the
upper right corner of Group 7 samples. This symmetry indicates that
the VAE learned orientation-dependent features without supervision,
separating images not only by plating severity but also by imaging

orientation. Group 8 consists of a few dark, out-of-domain images
that differ qualitatively from all others. Their separation underscores
the model’s ability to isolate atypical samples and suggests caution in
interpreting such outliers.

These additional cues highlight the richness of the latent repre-
sentation. The model captures variations in orientation and imaging
artifacts along with morphological differences, implying that careful
preprocessing and calibration are critical when extending the approach
to other datasets or imaging setups.

3.3. Dependence on operating conditions

Aggregating latent coordinates by cycling temperature and C-rate
reveals systematic relationships between operating conditions and la-
tent dimensions. Fig. 6e summarizes the latent coordinates across all
tested conditions. Points corresponding to identical temperature and
C-rate cluster closely, indicating low within-condition variability. A
dominant temperature gradient is visible: colder conditions shift sam-
ples toward higher Dimension 1 and lower Dimension 2. Superimposed
on this, increasing C-rate primarily increases Dimension 1 (with a
smaller, temperature-dependent effect on Dimension 2).

This behavior is quantified in Fig. 6a-d. At fixed temperatures,
Dimension 1 increases with C-rate (a: p = 0.1395, p = 0.65), with
steeper slopes at colder temperatures, whereas Dimension 2 shows
weak and temperature-dependent/non-monotonic dependence on C-
rate (b: p = 0.1110, p = 0.72). At fixed C-rates, Dimension 1 decreases
with increasing temperature (c: p = -0.7885, p = 0.0014), while
Dimension 2 increases with increasing temperature (d: p = 0.7060,
p = 0.0070), with pronounced non-linearities at low rates. Here p is
Spearman’s rank correlation: +1 denotes a perfect increasing monotonic
association, —1 a perfect decreasing monotonic association, and p is
the two-sided p-value for testing p = 0. To robustly quantify these re-
lationships, three complementary correlation coefficients are reported.
Pearson’s r measures linear association and is sensitive to outliers
but provides an interpretable effect size when trends are approxi-
mately linear. Spearman’s p, is rank-based and captures monotonic
relationships (including nonlinear but monotonic trends) with reduced
sensitivity to scaling and outliers. Kendall’s 7 is also rank-based and
measures the consistency of pairwise ordering, often remaining stable
for small sample sizes and in the presence of ties. Because the latent—
condition dependencies can be nonlinear, temperature-dependent, and
occasionally influenced by leverage points, relying on a single metric
can be misleading. Therefore, the mean absolute values of r, p,, and
7 are averaged into a combined score, providing a direction-agnostic
and more robust summary of association strength across subgroups.
The combined within-group correlation scores in Fig. 6f confirm that
temperature is the dominant factor (Combined: 0.93 for Dim1 vs. Temp;
0.84 for Dim2 vs. Temp), while C-rate effects are weaker globally but
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(a-b) C-rate dependence of latent dimensions at fixed temperatures. Dim 1 increases monotonically with C-rate, particularly at low temperatures;

Dim 2 displays non-monotonic behavior with temperature-dependent slopes. (c-d) Temperature dependence of latent dimensions across C-rates. Dim 1 decreases
exponentially with temperature, whereas Dim 2 generally increases as temperature decreases, with pronounced non-linearities at low rates. (e) Latent space
overview. Points represent means of each cell’s latent coordinates, labeled by temperature and C-rate. Identical axis limits facilitate comparison. (f) Within-group
correlation summary (base data, N = 13). Bars report the mean absolute correlation across homogeneous subgroups: for DimX vs. C-rate, correlations are computed
within each temperature group and then averaged; for DimX vs. temperature, correlations are computed within each C-rate group and then averaged. Shown are
m (Spearman), || (Kendall), and |r| (Pearson). The purple bar is the combined score (| A +H+M) /3. Numbers above bars denote the corresponding values;

dashed lines indicate the “moderate” and “strong” interpretation thresholds.

become strong after stratification by temperature (Combined: 0.76 for
Dim1 vs. C-rate; 0.72 for Dim2 vs. C-rate). Missing data at the most
extreme combinations (3—-4 C at —15 and —20°C) were interpolated and
are marked with “x”.

By mapping operating conditions to latent coordinates, the ap-
proach enables a direct visualization of stress factors in the latent
space. Clusters corresponding to mild conditions occupy one region,
while clusters for harsh conditions occupy another, suggesting that the
latent representation could be used to generate risk maps over the
temperature-C-rate plane or to screen fast-charging protocols before
deployment.

3.4. Relationship to electrochemical indicators

To further interpret the latent dimensions, they were compared with
independent electrochemical measures of plating severity. Fig. 7 plots
Dimensions 1 and 2 against the stripping capacity Qgy, for various
temperatures and C-rates (data for 1 C and —20°C were unavailable).
Dimension 1 generally increases with Oy, across conditions (top row),
while Dimension 2 tends to decrease (bottom row), although the slopes
vary with temperature and rate. These monotonic relationships suggest

that Dimension 1 is sensitive to plating severity and coverage, whereas
Dimension 2 reflects stress-induced loss of uniformity. The interpre-
tation follows from the role of Oy, as an electrochemical proxy for
the amount of metallic Li removed from the graphite anode (negative
electrode) during the recovery step (approximately proportional to
plated volume, i.e. coverage X thickness). The near-monotonic increase
of Dim 1 with Qg across operating conditions therefore indicates that
this coordinate encodes the extent of plating visible in the images, such
as the areal fraction and coalescence of bright plated regions, so larger
Dim 1 values correspond to greater plating severity and coverage.

By contrast, the systematic decrease of Dim 2 with Qg points
to sensitivity not to quantity but to spatial organization. As plat-
ing intensifies (especially at low temperature and high C-rate), local
current-density gradients and mechanical constraints promote hetero-
geneous deposition, fracture, and granular textures, i.e. a stress-induced
loss of surface uniformity. The encoder maps this deterioration of
uniformity onto Dim 2, yielding lower Dim 2 values for larger Qgy;p-
This reading is consistent with the progression from smooth to granular
morphologies across clusters in Fig. 5 and with the temperature- and
rate-dependent trends in Fig. 6.
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Fig. 7. Relationship between VAE-derived latent dimensions and Qy;, under varying temperatures and charging C-rates. Data for 1C and —20°C are excluded
due to lack of Qy,;, measurements. Top left: Dimension 1 vs. Oy, at different temperatures. Top right: Dimension 1 vs. Oy, at different charging C-rates.
Bottom left: Dimension 2 vs. Qg at different temperatures. Bottom right: Dimension 2 vs. Oy, at different charging C-rates.

These findings align with prior work. Ditler et al. [15] reported
that colder temperatures and higher C-rates increase Oy, extend
stripping time #4,, and amplify irreversible plating. The latent dimen-
sions reproduce these trends using image data alone, demonstrating
that unsupervised deep learning can capture electrochemical behavior
from morphological cues. A single exception is the —5°C series (top-
left panel of Fig. 7), where the fitted Dim 1-Qgy, relation shows a
slight negative slope. This deviation is small compared to the consistent
monotonic trends observed across the remaining temperatures and C-
rates. In the latent map and temperature/C-rate summaries, the —5°C
samples occupy a comparatively compact region with a compressed
dynamic range (Figs. 5 and 6), so the fitted slope in this panel is more
sensitive to residual variation within the sample cloud. Accordingly,
the —5°C case is interpreted as exhibiting limited latent contrast for
distinguishing operating-condition differences, rather than as evidence
for a reversal of the overall plating-severity trend with Qg

By relating latent coordinates to physical indicators, the study estab-
lishes its contribution within the broader literature on lithium plating
diagnostics. Previous approaches have relied on electrochemical signa-
tures, microscopy, or supervised models. Here, an unsupervised method

extracts meaningful descriptors that agree with known plating trends
and provide additional insight into morphology. While Oy, is a useful
cell-averaged proxy for reversible plated Li, it neither localizes plating
nor quantifies spatial heterogeneity; in contrast, the proposed imaging
latent space provides complementary morphology-based coordinates
for severity and uniformity and enables scalable risk mapping and pro-
tocol screening from post-mortem scans, including cases where Q
unavailable or not fully specific.

strip 15

3.5. Limitations and future directions

These findings were obtained within a deliberately scoped operating
matrix. To respect voltage limits, the coldest and highest-rate corners
were not cycled (Fig. 3). As a result, extrapolation beyond the sam-
pled domain is not supported. The two-dimensional VAE embedding
was selected for interpretability. Because Oy, aggregates multiple
contributions, reversible and irreversible processes may co-vary, so as-
signments of Dimensions 1-2 to specific mechanisms should be treated
as provisional. The present analyses emphasize post-mortem surfaces,
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which complement but do not fully represent in situ or subsurface
behavior. Practical factors (initial state of charge, rest periods, and
cell-to-cell variation) were held within typical ranges rather than fully
orthogonalized.

Lithium plating is fundamentally an anode-side phenomenon
(graphite interface), independent of the cathode chemistry. Plating
manifests on the anode across common cell chemistries (e.g., LCO,
NMC, LFP). Accordingly, the framework (unsupervised image feature
extraction and latent-space analysis) is expected to transfer to other
chemistries and form factors (pouch, cylindrical, prismatic). However,
the trained mapping is dataset- and morphology-dependent. Retraining
or lightweight adaptation (e.g., fine-tuning the encoder) will likely
be required to accommodate chemistry- and format-specific texture
statistics and imaging setups.

The present modality (post-mortem flatbed optical scans) captures
surface texture but cannot, by itself, resolve whether a plated mor-
phology corresponds to reversible or irreversible Li deposition or to
mechanical fracture features. In other words, “plating is plating” at
the level of these images; discrimination of reversibility arises dur-
ing (re-)cycling and quantification of stripping behavior. Accordingly,
mechanism-specific labels are required. Future work will pair latent fea-
tures with electrochemical time-series (e.g., decomposing O, into re-
versible/irreversible contributions or using #.;,) and, where available,
targeted annotations or complementary modalities to enable supervised
or weakly supervised separation of these categories.

These characteristics define clear opportunities for extension. Future
work can expand the operating space, including cold and high-C-rate
regimes, evaluate additional chemistries, and pair latent features with
more specific labels, such as irreversible plating capacity or strip-
ping time, to better disentangle overlapping mechanisms. Alternative
representation-learning strategies, including supervised, contrastive, or
physics-informed objectives, may refine the mapping from morphology
to electrochemical behavior. Integrating electrochemical time-series
data, impedance spectra, and other sensing modalities into a multi-
modal encoder could enrich the latent space and improve interpretabil-
ity. Evolving the descriptive latent map into a calibrated predictive
tool may enable risk maps and accelerated screening of fast-charging
protocols for safer, more efficient operation. Because the present study
is based on offline, destructive post-mortem imaging, the latent features
are not directly available to an on-board battery management system
(BMS). Instead, they can serve as morphology-derived reference targets
to train and calibrate BMS-compatible models from non-invasive signals
(e.g., voltage/current/temperature/impedance) or to validate operando
sensing modalities in future work.

4. Conclusion

This study presents an automated, label-free post-mortem computer
vision framework that couples a convolutional attention-based vari-
ational autoencoder with k-means clustering to decode and quantify
lithium-plating morphology in high-resolution electrode scans at scale.
Trained on scans from more than 60 cells cycled across tempera-
tures and charge rates with 84 sheets per cell, the framework learns
from flatbed imagery without manual labels and recovers expected
condition-morphology trends, with stronger plating at lower temper-
atures and higher C-rates. The learned two-dimensional latent space
organizes a continuum from clean to heavily plated surfaces, disen-
tangles operating conditions (temperature and charging C-rate), and
tracks plating severity and heterogeneity. The latent coordinates corre-
late with the operation conditions (Temperature and C-Rate) and also
with stripping capacity Q,;,, turning qualitative texture into compact,
quantitative, and interpretable descriptors of degradation severity and
uniformity.

The framework supports image-based battery diagnostics by en-
abling unsupervised, scalable characterization of plating without man-
ual labels, producing morphology-consistent clusters that separate op-
erating conditions and reliably flag out-of-domain cases, and providing
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low/dimensional latent coordinates that act as actionable features for
protocol screening, risk mapping, and state-of-health assessment. By
linking surface morphology to electrochemical behavior in a compact
representation, it supports safer and more durable lithium-ion systems
through informed fast-charge design and integration into diagnostic
and control workflows.

These inferences should be interpreted in light of several con-
straints: the dataset provides limited coverage of extreme temperature—
rate combinations, unsupervised VAEs can exhibit residual entangle-
ment and the aggregate stripping metric is not fully specific, post-
mortem imagery emphasizes surface expression relative to in-situ or
subsurface processes, the results can be sensitive to architectural and
training choices and residual confounders, such as initial state of
charge, rest periods, and cell-to-cell variation, may influence the
learned representations.

Future work may align latent features with task-specific targets to
improve the separation of underlying mechanisms. The operating space
and cell chemistries can be broadened to assess generalization, and al-
ternative clustering approaches and model capacities can be compared.
In parallel, multimodal encoders that fuse diverse measurements, such
as electrochemical time-series and complementary sensing, could be
explored. Incorporating supervised, contrastive, or physics-informed
objectives may help calibrate the link between latent variables and
mechanistic indicators. The resulting framework aims to evolve the
current descriptive map into a predictive tool for protocol design,
diagnostics, and safety assessment.

The results establish a robust, interpretable, and extensible path-
way from post-mortem anode images to quantitative indicators of
lithium plating. The proposed framework consistently organizes mor-
phology along axes that reflect electrochemical severity and uniformity,
enabling unsupervised screening of operating conditions and rapid
identification of risk. By compressing rich texture into actionable latent
coordinates, the method converts qualitative evidence into features
suited for diagnostics, control, and fast-charge protocol design. Despite
acknowledged limitations, the approach is immediately useful in lab-
oratory workflows and provides a strong foundation for multimodal,
predictive battery health analytics. In short, this study turns descrip-
tive imaging into a practical tool for safer, more durable lithium-ion
systems.
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