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In brief

Hamed et al. apply changepoint detection
to extract features from voltage data and
from derivatives of voltage and capacity
in 48 NMClgraphite cells. They train an
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accurately predict battery SOH,
demonstrating fast, interpretable, and
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applications.
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SUMMARY

Accurate prediction of battery state of health (SOH) remains challenging because degradation processes are
highly sensitive to cell chemistry, manufacturing variability, and operating conditions, while available field
data are often limited. Generalized and data-efficient modeling approaches are therefore required for reliable
battery health assessment across different applications. Here, we report a data-driven feature extraction
framework based on changepoint detection (CPD) to identify statistically meaningful transitions in battery ag-
ing data. The approach is applied to both capacity-check and regular aging cycles of LiNi,Mn,Co,0.lgraphite
cells. The extracted features are used to train an extreme-gradient-boosting regressor, enabling accurate
SOH estimation with root-mean-square errors of 0.013 and 0.023 for capacity-check and aging-cycle data-
sets, respectively. The features show strong correlation with lithium loss and active-material degradation,
demonstrating that CPD provides a physics-aware and computationally efficient pathway for battery health

prognosis.

INTRODUCTION

The data-driven models for state-of-health (SOH) prediction of
batteries offer higher simplicity and lower computational efforts
relative to the physics-based models,’ eliminating the need for
a detailed knowledge of the underlying physics and chemistry
of the degradation mechanisms.? In this regard, machine
learning (ML) increasingly gains more interest in the battery
prognosis and diagnosis community.>* For instance, neural
networks (NNs) and support vector machines have been suc-
cessfully employed to predict battery SOH and its remaining
useful life (RUL).>"

The data-driven models are usually trained by the raw time se-
ries of current, voltage, and temperature of the battery.®'°
These input data, however, lack a direct and evident correlation
with the capacity and power fade of the battery, which in turn
hinders the performance, reliability, and physics-aware inter-
pretability of the ML models made thereof. In this regard, feature
engineering has emerged as an efficient approach where the
raw data are transformed into some health indicators (Hls)
before being fed to the ML models.>'""'? The purpose is to
augment the raw data with some features that better reflect
the underlying aging mechanisms of the battery, enhancing
the SOH prediction accuracy and interpretability. A widely stud-
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ied class of HIs is based on the incremental capacity (IC) and dif-
ferential voltage (DV) analysis, in which the value and position of
the peaks/valleys in the IC/DV curves have shown significant
correlation with the battery SOH and RUL."®"* Various features
have been reported in the recent literature based on time series
of voltage and current,’®'® as well as features derived from
more specialized characterization techniques such as pulse-
relaxation and impedance spectroscopy.'®?°

The feature extraction from the time series data is particularly
attractive because modern battery management systems (BMS)
increasingly support real-time logging of voltage and current at
the individual cell level.?'2® Nevertheless, using field data intro-
duces new challenges.'® For example, charge and discharge
data in the field rarely cover the full state-of-charge (SOC) win-
dow.?* This limits the applicability of certain feature extraction
methods—such as those based on IC and DV analysis—which
require data across the full SOC range to be effective. Further-
more, IC and DV features perform best when low-rate,
constant-current (CC) charge, or discharge profiles are avail-
able—conditions that are rarely met in field data, where the bat-
tery is subject to a variable C-rate with frequent instances of high
current densities.”® Another limitation of traditional feature
extraction methods is their computational cost. In particular, IC
and DV analysis demand extensive noise filtering before reliable
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Figure 1. Dataset presentation
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features can be extracted from raw data, which adds to the pro-
cessing complexity.?®

In this work, we propose a feature extraction method based on
the concept of “changepoint detection” (CPD). This method re-
lies on the detection of the shifts in the statistical characteristics
of a time series, mirroring the changes in the underlying pro-
cesses within the system generating the data.”’~>° Unlike widely
used feature extraction strategies that focus on geometric char-
acteristics —such as knee points, curvature extrema, or peaks in
IC and DV curves—our method does not rely on local extrema,
inflection points, or predefined electrochemical markers. We
demonstrate the effectiveness of the CPD for SOH prediction
of lithium-ion batteries (LIBs) using a large experimental aging
dataset from LiNixMn,Co,0, (NMC) | graphite cells. Our method
performs well on both capacity check data—which include
low-rate charge cycles over the full SOC range—and cycling
data, where cells are cycled within a narrower SOC window at
higher C-rates. We further employ a synthetic physics-generated
aging dataset®°? to assess the physical interpretability of the
CPD features and their potential in revealing the underlying aging
mechanisms, including the loss of lithium inventory (LLI), and the
loss of active material at the positive (LAMpg) and negative
(LAMg) electrodes.
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checks every 160 cycles until the oper-
ating capacity (aging cycles) reaches
20% of its initial value.

The dataset is split into two subsets. The first subset is a reg-
ular cycling using a constant-current-constant-voltage (CCCV)
protocol for both charge and discharge steps (see Figure 1E).
During the CC phase, the current is set at +4A (c.a. 2.25C)
with the cut-off voltage limits of 3.9and 3.5V for charge and
discharge, respectively, corresponding to 20% and 80% SOC,
defined with respect to the initial capacity of the cell at the pris-
tine state. During the constant-voltage (CV) step, the voltage is
held at the cut-off values for so long that each CCCV step lasts
exactly 30 min. Consequently, the duration of each aging cycle
is 1 h, regardless of the SOH of the cell.

The periodic tests (see Figure 1F) are composed of rate-capa-
bility tests and pulse resistance tests. The former follows the
same general CCCV protocol as the regular aging tests except
that the depth-of-discharge (DOD)is setto 100%, i.e., on a voltage
window spanning from 4.1 to 3.0V, and the current rates during
the successive CC steps are progressively lowered. In total, the
rate-capability tests are composed of 4 cycles. The charge current
is set at 2 A, while the discharge current for the three cycles in a
row is 2, 1, and 0.5 A. The last cycle of the tests uses 0.5A (c.a.
0.28 C) for the CC steps during both charge and discharge seg-
ments. The second part of the periodic tests is the pulse resistance
tests, for which the data are not utilized in the present work.
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We use two metrics for the definition of the SOH. The first
metric is the capacity delivered at the CC step of the charge dur-
ing the periodic capacity-check measurements at 0.5A. These
data are referred to as capacity-check charge data throughout
this work. The second metric is the capacity that originates
from the CC portion of the charge during regular cycle tests,
referred to as cycling charge data. The exact definition of the
SOH varies slightly depending on the metric used. For capac-
ity-check charge data, SOH is defined as the ratio of the capacity
to the nominal capacity of the cells (1.85 Ah), while for cycling
charge data, the capacity is normalized to the first cycle for
each battery cell.

CPD

To identify abrupt transitions in the battery degradation signals
(e.g., voltage vs. capacity, DV, and IC curves), we employed a
CPD method based on the Pruned Exact Linear Time (PELT) al-
gorithm,** implemented via the Python ruptures package.>° This
approach segments the input signal into piecewise regions that
are statistically distinct, enabling localized analysis of aging pat-
terns across charge-discharge cycles.

The PELT algorithm minimizes a global cost function that bal-
ances segmentation fit against model complexity, effectively
locating the optimal set of changepoints (CPs) in a time series.
We used the Radlial Basis Function (RBF) model as the cost func-
tion,*® which is particularly sensitive to non-linear shifts in the
signal, including changes in both the mean, variance, and
higher-order structures. This makes it well-suited for electro-
chemical data where transitions may not manifest as simple
step changes but instead as gradual or non-linear shifts in
voltage or capacity behavior.

Formally, for a univariate signal y = {y1,y», ...,.y1}, we suppose
there exists an unknown number, m, of ordered CPs at unknown
locations, 0 = 7q,71, ...,Tm,Tm+1 = T, Which split the data into inde-
pendent segments. The PELT method identifies the optimal
number and location of CPs by solving the following optimization
exactly,

m

> CVastin) + Bm|,

k=0

min
m{zc}
to obtain the estimated locations 7, ..., 75 and number, m of
CPs. Here C is the RBF cost function computed for each
segment, and g is a user-defined penalty term controlling the
trade-off between the number of segments and model fit. In
our analysis, a fixed penalty value was chosen to ensure consis-
tent sensitivity across all datasets. See methods for further de-
tails on the RBF and PELT algorithms.
This method was applied independently to three signals.

® Voltage vs. capacity (V-Q),
® |C vs. voltage (dQ/dV-V),
® DV vs. capacity (dV/dQ-Q).

Prior to derivative-based analysis, a minimal preprocessing
step was applied to mitigate the impact of experimental noise.
Specifically, no filtering or smoothing was applied to the raw
voltage or capacity signals. Smoothing was exclusively applied
to the derivative vectors dV/dQ and dQ/dV, which are inherently
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more sensitive to measurement noise due to numerical differen-
tiation. A moving-average (movmean) filter with a fixed window
size of 10 data points was used for this purpose. In the present
study, the experimental laboratory dataset benefits from highly
controlled cycling conditions, fixed current protocols, and
consistent measurement resolution, which together yield deriva-
tive curves with sufficiently strong signal structure after smooth-
ing. However, the robustness to higher noise levels—particularly
those encountered in field or onboard battery data—is a critical
challenge and deserves dedicated attention in future works.

The CPD algorithm was applied separately to the capacity-
check charge data and the cycling charge data, since, as dis-
cussed in the previous section, these datasets differ in both
voltage range and charge current. For the capacity check data,
a penalty term of 50 was selected, resulting in a maximum of 3
CPs for the voltage-capacity data, 5 CPs for the dQ/dV-voltage
data, and 5 CPs for the dV/dQ-capacity data across all capacity-
check cycles and battery cells (Figure S1). These numbers repre-
sent the maximum number of detected CPs per cycle, not a fixed
count for every cycle. An example of the detected CPs from the
capacity-check charge data is shown in the top row of Figure 2,
corresponding to battery cell #10 and capacity-check charge cy-
cle #480. For this case, 3 voltage-based, 4 dQ/dV-based, and 4
dV/dQ-based CPs were detected, as illustrated in Figures 2A,
2B, and 2C, respectively.

We also applied the CPD algorithm to the cycling charge data
for all battery cells. Using a penalty term of 50 resulted in no de-
tected CPs, which is expected due to the lower variation and
limited information in the cycling charge data compared to the
capacity-check data. Therefore, we reduced the penalty term
to 10, which led to a maximum of 2 voltage-based, 1 dQ/dV-
based, and 1 dV/dQ-based CP across the cycling charge data
(Figure S2). Again, the number of detected CPs varies from cycle
to cycle. An example from the cycling charge data is presented in
the bottom row of Figure 2, corresponding to cell #20 and charge
cycle #100. For this example, 1 voltage-based, 2 dQ/dV-based,
and 1 dV/dQ-based CP were detected. In all plots of Figure 2, the
detected CPs divide the data into segments, with the mean and
variance of each segment displayed.

The number of detected CPs is sensitive to the parameters of
the CPD model, particularly the penalty term. A preliminary
sensitivity analysis was conducted to rationalize the choice of
penalty terms in this study (Figure S3), while a dedicated optimi-
zation study is left for future works. A suitable penalty term is
needed to reach a compromise between the number of detected
CPs and stability in SOH prediction performance. For instance,
although lower penalties can yield more CPs and, in the case
of cycling data, lower RMSE, excessively large feature sets in-
crease the risk of overfitting and computational cost. In this
study, the detected CPs were used as features for our SOH esti-
mation model. It is worth noting that CPD provides data seg-
ments with statistically distinct characteristics that could be
comprehensively further analyzed to define aging-related fea-
tures. Here, however, we focus solely on using the location of
the CPs themselves as the features.

The CPD method results in a different number of detected CPs
from cycle to cycle for both the capacity-check charge data and
the cycling charge data. To ensure consistent interpretation of

Cell Reports Physical Science 7, 103157, March 18, 2026 3
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Figure 2. The identified CPs for two randomly selected battery cells

Top: capacity check data for cell number 10, cycle number 480, and (bottom) cycling data for cell number 20, cycle number 100; for (A) and (D) voltage vs.
capacity; (B) and (E) incremental capacity; and (C) and (F) differential voltage data

the CPs across all cycles, a post-processing step was applied to
reassign CP labels based on their numeric values rather than
their original order of detection. All detected CP values were
pooled and clustered using the KMeans algorithm into a prede-
fined number of groups corresponding to the maximum number
of CPs observed. The cluster centers were sorted in ascending
order, and each CP was relabeled according to its cluster mem-
bership. This reassignment ensures that each CP label (e.g.,
cpdQdV,1, cpdQdV,2, ...) consistently represents a specific
transition region across all cells and cycles, facilitating meaning-
ful comparison and analysis.

The extracted CPs are shown in Figures 3A and 3B for the ca-
pacity-check and cycling data, respectively. The capacity-check
data exhibit a larger number of detected CPs, consistent with the
wider voltage range. For capacity check, the number of voltage-
based change points (Figure 3A) correlates with SOH: three
change points for SOH >55%, two for 25% < SOH <55%, and
one for SOH <25%. Near SOH ~25%, either one or two CPs
are observed. A comparable trend is found for the dV/dQ-based
CPs from the cycling data (Figure 3B): no CPs are detected for
SOH <35%, while SOH >50% consistently yields one CP, with
less consistent behavior between 35% and 50%. In contrast,
the dQ/dV- and dV/dQ-based CPs from the capacity-check
data, as well as the voltage- and dQ/dV-based CPs from the
cycling data, show no clear correlation with SOH.

To assess the statistical properties and relevance of the ex-
tracted CP features, a two-stage visualization approach was em-
ployed. First, the distribution of each feature was examined us-
ing kernel density estimation (KDE) plots. The results for the
capacity-check charge data and the cycling charge data of all
battery cells are shown in Figures 3C and 3D. As illustrated in
these subplots, the detected voltage-based, dQ/dV-based,
and dV/dQ-based CPs for both the capacity-check and cycling

4 Cell Reports Physical Science 7, 103157, March 18, 2026

charge data resulted in distinct features, with minimal overlap
between the detected CP groups.

In the capacity-check charge data (Figure 3C), the voltage-
based CPs show mean transition voltages at 3.63 V (cpV,1),
3.74V (cpV,2), and 3.89V (cpV,3). The dQ/dV-based CPs exhibit
mean values ranging from 3.52 V (cpdQdV,1) to 3.90 V
(cpdQaV,5), while the dV/dQ-based CPs show mean transitions
between 0.12 Ah (cpdVdQ,1) and 1.27 Ah (cpdVdQ,5). In the
cycling charge data (Figure 3D), the voltage-based CPs have
mean values of 3.8347 V (cpV,1) and 3.8480 V (cpV,2). In the
dQ/dV group, the mean values are 3.8363 V (cpdQdV,1) and
3.8528 V (cpdQdV,2), while the dV/dQ group has a single CP,
cpdVvdQ,1, with a mean value of 0.0129 Ah.

Following the distribution analysis, the relationship between
each feature and the battery SOH was investigated through scat-
terplots. For each feature, SOH was plotted as a function of feature
value. For the capacity-check charge data (Figure 3C), some CPs
exhibit cluster-wise linear relationships with SOH—distinct clus-
ters within a feature show approximately linear trends —while other
CPs display non-linear or negligible associations. For instance,
cpV,1 and cpdQdV,1 have high coefficients of determination
(R? > 0.93), indicating strong and statistically significant correla-
tions with SOH. In contrast, cpdQdV,2 has a negligible slope and
wide confidence intervals encompassing zero, suggesting no
meaningful trend. For the cycling charge data (Figure 3D), the rela-
tionships are generally more linear across all CPs. Features such
as cpV,1 and cpdQdV,1 show moderate negative correlations
with SOH (R? ~ 0.39 and R? ~ 0.56, respectively), while cpdVdQ,1
exhibits a strong positive correlation (R? ~ 0.95).

ML approach
In this work, we employ the XGBoost (extreme gradient boosting)
regression model to predict the SOH of LIB cells using features
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Figure 3. Statistical summary of detected changepoints in capacity check and cycling datasets

(A and B) Relationship between the number of detected changepoints and SOH

(C and D, top) Violin plots of voltage-, dQ/dV-, and dV/dQ-based changepoints. The violin width represents the kernel density estimate of the data, while the
embedded boxplots indicate the median and interquartile range (25th-75th percentiles); whiskers extend to 1.5x of the interquartile range. Only observed data
ranges are shown. (C and D, bottom) Scatterplots showing changepoint-SOH relationships.

derived from the CPD analysis of voltage-capacity, dQdV, and
dvdQ curves. Akey challenge in this approach is the variable num-
ber of CPs detected across cycles, which leads to non-uniform
feature vectors under different aging conditions. Instead of dis-
carding cycles or applying imputation, we leveraged XGBoost’s
inherent ability to handle such variability in the feature set natively.

XGBoost builds decision trees that learn optimal default direc-
tions for missing feature values during training. Specifically,
when a feature is absent in a training sample, the algorithm learns
which branch (left or right) minimizes the loss and uses that
branch whenever the feature is missing in future samples. This
enables the model to maintain predictive performance even
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with sparse or incomplete data, without introducing bias through
artificial imputation. This native handling of missing data is
consistently applied in our implementation for both feature group
comparisons and individual feature evaluations. Furthermore,
the XGBoost model was optimized for its hyperparameters for
the different cases. The optimized hyperparameter sets are re-
ported in Table S1. This careful tuning ensures that the model
achieves its best possible predictive performance for each
feature group and individual feature evaluation. When comparing
feature groups (i.e., voltage-based, dQ/dV-based, and dVdQ-
based), the model is trained and evaluated on the full dataset,
with missing feature values passed directly to XGBoost, to be
internally managed. Similarly, in the evaluation of individual
features within the best-performing group, the model is trained
using only the single selected feature and all available cycles—
again with missing values handled by the model without manual
filtering or imputation.

The dataset is split into training and test subsets using a strat-
ified sampling strategy based on the final cycle number of each
cell, binned into quantiles. The split is performed on a per-cell
basis, such that all cycles from a given battery cell are assigned
exclusively to either the training or the testing set, thereby
preventing information leakage while ensuring balanced repre-
sentation of different aging stages across both subsets. Model
performance is assessed using multiple regression metrics,
including the coefficient of determination (R?), mean absolute
error (MAE), mean squared error (MSE), and root mean squared
error (RMSE), providing a comprehensive view of both accuracy
and variance.

In the first step, we utilized all extracted CPs—namely, those
based on voltage, dQ/dV, and dV/dQ—as feature inputs to our
XGBoost model. The estimated SOH values from XGBoost are
plotted against the true SOH values of the test datasets in
Figure 4A for the capacity-check charge data and Figure 4B
for the cycling charge data.

For the capacity-check data, the model achieves an R? value
of 0.998 and an RMSE of 0.013 on the test set. On the cycling
charge data, the model shows an R? of 0.974 and an RMSE of
0.023. These results clearly demonstrate that the CPs extracted
from the capacity-check charge data are richer in information
relevant to battery degradation. Nevertheless, the model’s per-
formance on the cycling charge data remains highly promising,
which highlights the practical utility of the CPD approach in
real-world battery aging scenarios—particularly where capac-
ity-check data are often unavailable.

Itis important to note that during training on the cycling charge
data, cycles for which no CPs were detected in any of the three
feature groups were excluded from the model. This was not
necessary for the capacity-check data, as each cycle in that da-
taset contained at least one detected CP. The predicted SOH
values for five randomly selected cells from the test dataset
are shown in Figures 4C and 4D, for the capacity-check charge
data and the cycling charge data, respectively. The shaded
areas around the predicted SOH curves represent a 5% uncer-
tainty in the prediction. It is noteworthy that due to the large num-
ber of cycles in the cycling charge data, the SOH predictions in
Figure 4D are displayed at intervals of every 50 cycles to
enhance visual clarity of the model performance.
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In the next step, we evaluated the performance of XGBoost
using subsets of the full feature set. First, we compared the pre-
dictive power of voltage-based, dQ/dV-based, and dV/dQ-
based features for both capacity check and cycling data.
Furthermore, we investigated the effectiveness of individual
CPs within the best-performing feature group, again for both ca-
pacity-check and cycling datasets.

Table 1 and Figure 4E compare the performance of XGBoost
regression models trained using different CP feature groups
from the capacity-check charge data. The model utilizing
voltage-based CPs outperforms the others, achieving the lowest
test MAE and RMSE values (0.013 and 0.016, respectively), as
well as the highest test R? score (0.996). These results suggest
that CPs in the voltage signal are more informative for predicting
the target variable than features derived from differential capac-
ity (dQ/dV) or DV (dV/dQ).

Table 1 and Figure 4E present the individual predictive power
of selected voltage-based CP features from the capacity-check
charge data. The feature cpV,1 significantly outperforms the
others, achieving a test R? of 0.942 along with the lowest test
MAE and RMSE values. In contrast, cpV,2 and cpV,3 exhibit sub-
stantially lower performance, with test R? values below 0.3.
These results highlight that only a subset of the voltage-based
CPs meaningfully contributes to model accuracy.

Table 1 compares the performance of XGBoost regression us-
ing different groups of CP features extracted from the cycling
charge data. Among the feature groups, cpdVdQ yields the
best predictive accuracy, achieving a test R? of 0.958 and the
lowest test MAE and RMSE values. In contrast, cpV performs
poorly, with both training and test R? values around 0.7. These
results indicate that the CPs derived from dV/dQ profiles are
more informative for modeling cycling behavior.

Physics interpretability of the CPD method

The physics interpretability of the CPD features was put to test
using a synthetic battery aging dataset reported by Dubarry
et al.”>*" This dataset provides more than 700,000 synthetic
physics-based simulated charge/discharge cycles of an
NMCl|graphite cell. Each cycle represents a certain SOH caused
by a unique combination of the aging progress in three different
degradation tracks, namely LLI, LAMpg, and LAMg. As such,
this aging dataset provides a controlled environment to measure
the correlations between the CPD features and the three
different aging mechanisms. Such correlations are very helpful
to develop degradation maps, such as those generated by Du-
barry and Ansean for NMC-based cells.® For instance, in such
a map, one can follow the evolution in the peak shapes and co-
ordinates of the IC/DV plots in response to the progress in LLI,
LAMgg, and LAMye degradation modes.”® Below, we showcase
that the CPD features exhibit unique sensitivity to the LLI, LAMpE,
and LAMyg, which enables the prediction of an underlying degra-
dation mode based on the evolution patterns in the characteris-
tics of the features.

We selected 10,000 representative cycles while preserving the
overall SOH distribution (Figure 5A), because applying our meth-
odology to the entire synthetic dataset would have been compu-
tationally prohibitive. The CPD was carried out using the same
parameters as in the previous section, namely a RBF kernel
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Figure 4. SOH prediction performance of XGBoost using change-point features

(A-D) Predicted vs. true SOH from the XGBoost model trained on all changepoints (voltage-, dQ/dV-, and dV/dQ-based) for (A) capacity check data and
(B) cycling data. The red dashed line represents the ideal prediction (y = x). SOH trajectories for five randomly selected test cells for (C) capacity check data and
(D) cycling data. Solid markers show true SOH; dashed lines indicate predictions, with shaded +95% prediction bands.

(E) Performance comparison of XGBoost RMSE on test data for capacity check vs. cycling datasets, including individual voltage-based changepoints for the

capacity check case.

and a penalty term of 50. The statistical summary of the extracted
CP features shows that the detected voltage and derivative
markers are well defined within narrow ranges, providing a
consistent basis for correlation analysis (Figure 5B). The mean
voltage CPs are concentrated between 3.5 and 4.0 V, with stan-
dard deviations in the order of 0.03-0.04 V, reflecting stable
feature distributions across the cycles. For instance, cpV1 ex-
hibits an average value of 3.56 V (¢ = 0.033 V), while cpV2 and
cpV3 have means of 3.78 and 4.01 V, respectively, each with
comparably low variance (Figure 5B). Derivative-based features
(dQ/dV and dV/dQ) displayed slightly higher variability but re-
mained within physically reasonable ranges, suggesting robust-

ness of the CPD process. Although missing data are present for
certain features, with up to several thousand entries absent
(e.g., more than 7,000 missing values for cpdQdV), the overall
statistical structure is preserved (Figure 5B). The target degrada-
tion indicators, including LLI, cathode and anode loss, and SOH,
show distributions consistent with expected battery aging
behavior, providing a solid reference for correlation analysis.

To move beyond purely statistical associations and clarify how
specific CPs reflect individual degradation mechanisms, we
further analyzed controlled aging trajectories in which a single
degradation mode dominates while the others remain negligible.
Representative cycles corresponding to ~30% progression of
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Table 1. Performance summary of XGBoost regression models using CP-based feature groups and individual voltage CPs

Feature MAE MAE MSE RMSE R? R?

Dataset/feature type or group (training) (test) (test) (test) (training) (test)

Capacity check (feature groups) cpV 0.002 0.013 0.0003 0.016 0.9999 0.996
Capacity check (feature groups) cpdQadV 0.002 0.016 0.0004 0.022 0.999 0.994
Capacity check (feature groups) cpdVdQ 0.003 0.015 0.0004 0.0198 0.999 0.994
Capacity check (individual voltage CPs) cpV,1 0.033 0.042 0.004 0.061 0.949 0.942
Capacity check (individual voltage CPs) cpV,2 0.090 0.169 0.048 0.219 0.726 0.243
Capacity check (individual voltage CPs) cpV,3 0.074 0.161 0.051 0.226 0.786 0.194
Cycling data (feature groups) cpV 0.063 0.064 0.007 0.083 0.708 0.695
Cycling data (feature groups) cpdQaV 0.043 0.048 0.004 0.061 0.842 0.826
Cycling data (feature groups) cpdvdQ 0.023 0.025 0.001 0.030 0.960 0.958

LLI, cathode loss, or anode loss were compared against an un-
degraded reference cycle. Figure S4 illustrates how the detected
voltage- and derivative-based CPs shift under each isolated
degradation mode, providing direct mechanistic insight into
the origin of the observed correlations.

The correlation analysis reveals systematic and interpretable
relationships between the detected CPs and the degradation
modes (Figure 5C). For LLI, the strongest positive correlations
were found with cpV1 (r = 0.464) and cpdQdV1 (r = 0.393), sug-
gesting that early voltage and derivative-based CPs are closely
linked to the depletion of lithium inventory. Strong negative corre-
lations were observed for late-stage slope features such as
cpdVdQ4 (r = —0.853) and cpdVdQ3 (r = —0.402), indicating that
slope changes in the higher voltage regions of the voltage-capac-
ity curve are inversely related to lithium loss. Cathode degradation
exhibits a similar structure, with positive correlations for cpV1 (r =
0.393) and cpdVdQ1 (r = 0.338), while several high-voltage deriv-
ative features correlate negatively, including cpdQdv4 (r =
—0.554) and cpdVdQ4 (r = —0.527). Anode loss is most strongly
reflected in the voltage-based features, with cpV1 (r = 0.565),
cpV3 (r=0.529), and cpV2 (r = 0.417) showing clear positive asso-
ciations. Negative correlations for anode loss are weaker and pri-
marily found in derivative-based CPs such as cpdVdQ4 (r =
—0.425) and cpdVdQ3 (r = —0.212). SOH displays the strongest
correlations with the target features, with late-stage slope features
cpdVdQ4 (r = 0.875) and cpdVdQ3 (r = 0.852) emerging as highly
predictive indicators for global capacity fade, while the early stage
features, such as cpV1 (r = —0.587) and cpdQdV1 (r = —0.430)
show inverse correlations with the SOH. These trends are further
visualized in Figure S5, which shows the continuous evolution of
individual CP features as a function of each degradation mode
and SOH across the full synthetic aging space.

The statistical and correlation patterns identified in our work are
consistent with the degradation maps reported by Dubarry.? In
their terminology, the relevant positions, peaks, or slopes in the
voltage and derivative curves are referred to as features of interest
(FQls). These FOIs occupy the same mid-to-high voltage range
(8.5-4.0V) as our detected CPs and shift in predictable directions
according to the degradation mechanisms. Particularly, Dubarry
showed that LLI shifts certain low-voltage FOIs toward higher po-
tentials, LAMpg reduces or broadens peaks and can shift FOls to
lower voltages, and LAMyg alters FOIs around graphitic staging
transitions near 3.7-3.9 V, often changing relative intensities or
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separating nearby features. Our results align with this mapping:
positive correlations of cpV1 (r = 0.464) and cpdQdV1 (r = 0.393)
with LLI, coupled with strong negative correlations of late-slope
features such as cpdVdQ,4 (r = —0.853), mirror the directional
FOI shifts predicted by Dubarry for LLI-dominated degradation.
Similarly, the positive correlation of cpV1 and cpdVdQ1 with
cathode loss, and the negative correlations of higher-voltage de-
rivative CPs, are consistent with Dubarry’s description of LAMpg-
induced reductions in peak intensity and voltage shifts in positive-
electrode FOIs. For anode loss, the dominant correlations with
cpV1, cpV2, and cpV3 fall in the same voltage region where Du-
barry’s maps indicate the sensitivity of FOIs to LAMyg, supporting
the interpretation that graphitic staging transitions govern these
relationships. Finally, the exceptionally strong correlations be-
tween SOH and late-curve slope features cpdVdQ4 and cpdVdQ3
align with Dubarry’s observation that such FOls respond simulta-
neously to multiple degradation mechanisms, making them inte-
grative markers of overall capacity fade.

In conclusion, we introduced a CPD algorithm as an effective
feature extraction methodology for the prediction of battery
SOH. We applied this method to two types of experimental data-
sets from graphite/NMC cells differing in the cycling voltage
window, namely the “cycling” (3.5-3.9 V) and “capacity check”
(8-4.1 V). The detected CPs were categorized as voltage-based,
dQdV-based, and dVdQ-based features. An ML model (XGBoost)
was trained on 75% of the extracted features to estimate the
SOH. A promising accuracy was achieved for the SOH estimation,
with RMSE values of 0.013 for the capacity-check data and 0.023
for cycling data. The proposed lightweight data-driven model is
computationally efficient: for instance, in the analyzed cycling da-
taset of 114,963 cycles across all battery cells, the CPD model ex-
tracted features in 1,765 s, corresponding to an average of
~15 ms per cycle. This demonstrates that the model is fast, mak-
ing its deployment feasible for onboard or real-time applications.
As a preliminary concept, it could be integrated into embedded
BMS or edge devices to process streaming voltage and current
data and continuously update SOH estimates.

A key finding of this study is that many cycles from “cycling”
dataset exhibited no detectable CPs across feature groups
when using a standard penalty (e.g., 10), particularly at low
SOH (SOH <0.35, see Figure S6), whereas “capacity-check” cy-
cles consistently revealed CPs. This indicates that, as cells age,
capacity checks become increasingly crucial for a reliable SOH
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Figure 5. Summary of changepoint analysis for synthetic NMC battery data from the work of Dubarry and Beck

(A) Distributions of target variables, illustrating their range and density across all samples.

(B) Violin plots showing the distribution of voltage-based, dQ/dV-based, and dV/dQ-based change-point features across cycles. The violin width represents the
kernel density estimate of the data within the observed range, while embedded boxplots indicate the median and interquartile range (25th-75th percentiles), with
whiskers extending to 1.5x the interquartile range. A bar plot summarizes the number of missing values per feature, highlighting both the variability of each

change point and the completeness of the dataset.
(C) Feature importance for each target, quantified as the Pearson correlation between features and targets. Bars are grouped by feature type, with annotations

indicating individual feature names.

prediction. The analysis further showed that detectionis sensitive  ditions may reflect suboptimal parameter selection, emphasizing
to the choice of penalty: reducing the penalty (e.g., to 5) enabled  the need for systematic optimization of penalty-kernel settings to
CP identification in cycling data across nearly the full SOHrange.  ensure robust detection across the battery lifespan.

This observation is consistent with the work of Haynes et al.,*” We further evaluated the performance of individual CP feature
which highlights that reliance on a single penalty value can be  groups. For the capacity-check data, voltage-based CPs ex-
suboptimal. Accordingly, the absence of CPs under certain con-  hibited the highest predictive power, especially the feature

Cell Reports Physical Science 7, 103157, March 18, 2026 9



¢? CellPress

OPEN ACCESS

cpV,1, which emerged as the most informative. This indicates
that voltage data alone, when collected under appropriate condi-
tions, can provide critical insights into battery degradation—
potentially reducing the need for more complex characterization
techniques such as electrochemical impedance spectroscopy
(EIS). Moreover, voltage-based features are advantageous over
derivative-based features (dQ/dV or dV/dQ), as they are less
sensitive to noise, device precision, and preprocessing com-
plexities such as filtering and smoothing. In contrast, for cycling
data, voltage-based CPs performed poorly. The best SOH pre-
dictions were obtained using dV/dQ-based CPs. This highlights
the need to focus on voltage-capacity derivatives when working
with high-rate, partial-window cycling data where subtle varia-
tions are better captured through differential analysis.

We investigated the physical interpretability of the CPD features
using a large-scale synthetic aging dataset of the NMC/graphite
cell. Our analysis showed that the detected CPs correlate system-
atically with the important category of losses within the cell,
namely the loss of lithium and the active-material loss at the
positive and negative electrodes. In particular, late-stage slope
features exhibited the strongest correlations with SOH, demon-
strating why these CPs serve as excellent predictors of global ca-
pacity fade in NMC-based batteries. This analysis highlights the
added value of the physics-generated synthetic data for transfer
learning approaches where models pre-trained with synthetic
datasets are adapted to real-world experimental data to substan-
tially enhance the robustness and accuracy of SOH estimation.

Here, we presented a proof of concept enabling the pursuit of
several avenues in future works. First, the use of a comprehensive
experimental aging dataset capturing cell-to-cell variations
across a broad range of operating conditions would allow for a
more thorough assessment of the approach. Second, the applica-
bility of the proposed method across different battery chemistries,
including lithium-iron-phosphate (LFP) cells with distinct open-cir-
cuit-voltage characteristics, calls for further study. Lastly, given
the demonstrated computational efficiency of the method on ag-
ing data, future efforts will focus on validating the model under
varying operational conditions, evaluating its robustness against
measurement noise, and testing its integration within BMS archi-
tectures to assess real-time and onboard feasibility.

METHODS

Technical overview of the RBF-PELT algorithm

For a univariate signal y = y1.7 = {y1,¥2, ....y7}, We suppose there
exists an unknown number, m, of ordered CPs at unknown loca-
tions, 0 = 7,71, ...,Tm,Tm+1 = I that split the data into independent
segments. That is, for distinct distributions F;,

F1 I‘f0<t§’[1
F1 ifT1<t§Tg

Y ~
Fri iftp<t <T

To identify the existence and location of CPs, we need a mea-
sure of fit for a segment of data to an assumed distributional
form. In our work, we use the RBF*® with kernel,
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K(Ym)/t) = exp( -7 ” Ys — yt”2) )

where y is a bandwidth parameter estimated as the inverse of the
median of all pairwise distances over s and t. The cost (measure
of fit for a segment) is then defined via the feature map, ®(y,), for
this kernel,

Cter) = > ll00n) — 7 [

Here Ji is the fitted mean of the embedded signal {®(y;)}; and
the norm is taken over an appropriate Hilbert space H.

To identify CPs, we seek to minimize the total cost of fit across
all segments. If we consider this directly, the optimal fit is a
change at each location, as the cost would be equal to zero.
We seek a parsimonious balance between the number of CPs
and the overall fit to the data. As is common in statistical
modeling, we introduce a penalty g to the existence of each
CP to ensure parsimony. This results in seeking to optimize,

mil’l |:Zm: C(yrk-ﬂ:rkq) +ﬂm:| ’

(Equation 1)
min} | 0

for {z} and m.

Calculating the optimal of Equation 1 directly would require 27
calculations. Fortunately, we can use dynamic programming to
reformulate the problem as a sequential search from 1, ...,T
and focus on identifying the final CP only (with prior CPs identi-
fied earlier in the algorithm). Furthermore, pruning the search
for the potential last CP locations brings us to an O(T) computa-
tional algorithm. This is the essence of the PELT algorithm, which
optimizes Equation 1 exactly via the recursion,

F(1) = Cly1);
F(t) = minscp,[F(S) + C(Y(s+1)2)] + B-

Here, R; is the pruned set of past indices, where a CP could
potentially occur, updated according to

Rt = {t — 1}U{S S R1,1 IF(S)"'C()/(S+1):f)<I:(t)"'/))}7

Intuitively, if we have gone past a true CP location in the iter-
ation, the “last” CP location cannot be prior to the true CP.
Thus, R; should only contain time points at, or since, the last
true CP, rather than the entire past. If CPs occur regularly
through the data, the computational gain from pruning can be
substantial.

Technical overview of the XGBoost algorithm

XGBoost is an ensemble learning method based on gradient-
boosted decision trees. It minimizes a regularized objective func-
tion that balances model fit and complexity:

£ = "1y y Y + filx) + Q(f),

i=1

where.

® y;: true target for sample i

° th’”: prediction at iteration t — 1

® f;: decision tree added at iteration t

® Q(fy): regularization term to prevent overfitting
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The algorithm uses a second-order Taylor expansion of the
loss function to compute optimal splits, with gain:
1| G G:  (Gu+Ga)’|
2 HL+A HR+/1 HL+HR+A b

Gain =

where

® G,,Gg: sum of gradients on the left and right of the split
® H;,Hgr: sum of Hessians on the left and right of the split
® J,y: regularization terms

In this work, XGBoost was used in its regression form (“re-
g:squarederror”), leveraging its native handling of missing fea-
tures and regularization to predict the SOH of lithium-ion cells.
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