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ABSTRACT

State-of-health estimation is essential for the safe and reliable operation of lithium-ion batteries, particularly
under diverse real-world operating conditions. This study presents a hybrid framework that combines electro-
chemical impedance spectroscopy with machine learning for battery State-of-health estimation. Electrochemical
impedance spectroscopy measurements were acquired from full lithium-ion cells aged under fourteen distinct
operating conditions, providing a broad range of degradation trajectories for model development and evaluation.
Two compact feature representations were compared: parameters obtained from equivalent circuit model fitting
and band-compressed statistical descriptors calculated directly from the impedance spectra. These feature sets
were used independently to train a stacking ensemble comprising XGBoost and Random Forest regressors with a
linear regression meta-learner. Both feature representations achieved comparable state-of-health prediction
performance, with root-mean-square errors below 3%. Feature-importance analysis showed that only a small
subset of features contributed most of the predictive capability. The results show that compact electrochemical
impedance spectroscopy feature representations can provide reliable and computationally efficient inputs for
data-driven state-of-health estimation, offering a practical complementary approach for impedance-based battery
diagnostics.

1. Introduction

and environmental factors [3]. Accurate SoH estimation remains an
important aspect of improving safety, optimizing operational strategies,

The state-of-health (SoH) of lithium-ion batteries can be obtained
directly by fully charging and then completely discharging the battery at
a constant current rate. The SoH is determined by comparing the dis-
charged capacity of the battery to its original or nominal capacity [1,2].
Alternatively, the SoH can also be expressed in terms of the measured
internal resistance as a percentage of its initial value [2] at the beginning
of battery life. Although these approaches to SoH estimation are suitable
in a controlled laboratory environment, they are often impractical for
real-world applications because they require interruption of normal
operation, long testing times, and are sensitive to operating conditions

and reducing user anxiety in adopting lithium-ion batteries for appli-
cations such as electric vehicles [4]. Existing methods frequently rely on
extensive charge-discharge testing or laboratory-based measurements,
limiting their suitability for online battery management [5]. Coulomb
counting estimates SoH indirectly by tracking the accumulated ampere-
hour (Ah) throughput during charge and discharge cycles; consequently,
its accuracy depends heavily on precise current integration and reliable
monitoring by the battery management system [6]. These limitations
motivate the development of complementary diagnostic approaches that
can provide efficient SoH estimation with reduced dependence on strict
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operational constraints.

Electrochemical impedance spectroscopy (EIS) is a strong diagnostic
tool for electrochemical systems. It provides information about under-
lying electrochemical processes through relatively fast and non-
destructive measurements. By applying small perturbations across a
wide frequency spectrum and exploiting the frequency-dependent
response of the system, EIS offers insights into the internal state of the
battery [7]. However, despite its rich information about battery state,
the high dimensionality and redundancy of impedance spectra present
challenges for machine learning (ML) models. Adjacent frequency points
often contain highly correlated information, increasing computational
complexity and the risk of overfitting without necessarily improving
predictive performance. It therefore remains unclear whether the ageing
information contained in the full impedance spectrum can be repre-
sented more compactly while preserving information relevant for SoH
prediction, and which compact representation is most effective for this
purpose. This motivates the development of compact feature represen-
tations that retain the electrochemical information most relevant to
battery degradation while reducing redundancy in the input data.
Consequently, ML methods have increasingly been explored to exploit
these diagnostic features for battery SoH estimation. Zhang et al. applied
Gaussian process regression (GPR) directly to raw impedance spectra
[8], while Fu et al. employed an extreme learning machine (ELM), a
single-hidden-layer neural network, using frequency-domain features
with regularization, with both approaches achieving capacity estimation
errors below 2% [9]. Lu et al. developed a domain-adaptive deep
learning framework for SoH estimation across different battery chem-
istries. The method achieved an absolute error below 3% without
requiring labeled degradation data from the target system [10]. These
approaches demonstrate the ability of ML models to capture complex
relationships between ageing features and battery health.

In this study, we propose an ensemble learning approach for lithium-
ion battery SoH estimation that combines Random Forest and XGBoost
regressors. Two compact feature representations derived from EIS
measurements are investigated: a physics-informed representation
based on equivalent circuit model (ECM) parameters and a data-driven
representation based on statistical descriptors extracted from selected
impedance frequency bands. For each representation, a separate stack-
ing ensemble was trained using the same Input features, enabling a
direct comparison of the predictive capability and feature importance of
the two approaches. Although studies have demonstrated good SoH
estimation using raw EIS spectra, these approaches typically rely on a
large number of highly correlated impedance values [8]. Such high-
dimensional inputs increase computational complexity and may intro-
duce redundant information without necessarily improving predictive
performance. This work therefore investigates whether comparable SoH
estimation accuracy can be achieved with compact feature representa-
tions that retain the most relevant electrochemical information while
substantially reducing the dimensionality of the input data. Although
EIS-based ML has demonstrated promising results, many existing studies
are based on relatively limited datasets comprising a small number of
cells or only a few ageing conditions. Such datasets provide limited di-
versity in degradation trajectories, making it difficult to assess model
robustness across different ageing behaviors. The dataset used in this
work is distinguished by measurements from full lithium-ion cells aged
under fourteen conditions, enabling a more comprehensive assessment
of the trade-off between physical interpretability, feature compactness,
and predictive performance.

1.1. Electrochemical impedance modeling

EIS is a non-invasive, non-destructive, and relatively fast technique
that measures the impedance of an electrochemical system across a
range of frequencies [11]. It relies on applying a small alternating cur-
rent or voltage perturbation to the system, and the response (voltage or
current) is measured and analyzed [7,12]. The impedance behavior is
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characterized as a function of perturbing frequency, with different
electrochemical processes dominating distinct frequency regions. At
high frequencies, the response is primarily dominated by inductive ef-
fects and ohmic resistances arising from the electrolyte, current collec-
tors, and contacts [13]. In the mid-frequency range, interfacial processes
such as charge-transfer reactions and double-layer capacitance become
dominant [13]. At low frequencies, the impedance response is domi-
nated by mass-transport limitations arising from lithium-ion diffusion
within the electrodes [13,14].

In ECM modeling, the complex electrochemical processes within a
lithium-ion battery are approximated by combining electrical compo-
nents such as resistors, capacitors, and inductors [15,16]. This enables
easier analysis and simulation while maintaining a physical interpreta-
tion of processes within the cell [17]. Because electrochemical processes
occur over different characteristic time scales, they contribute to
different regions of the impedance spectrum [18]. In ECM-based
impedance modeling, these responses are represented by electrical cir-
cuit elements whose characteristic time constants approximate the
dominant electrochemical behavior. In practice, these time constants
often represent compressed, single-valued approximations of broader
underlying process distributions. Consequently, multiple ECM configu-
rations can often provide acceptable fits to the same impedance spec-
trum, making model selection a trade-off between fitting accuracy,
model complexity, and physical interpretability. For this reason, ECMs
aim to reproduce the measured impedance response accurately using as
few parameters as possible, with circuit topology chosen to balance
fitting accuracy and minimal redundancy. For most practical purposes,
ECMs are fitted to the Nyquist plot because it directly relates impedance
features to equivalent circuit elements and provides a relatively
straightforward basis for parameter estimation. Within an ECM, resistors
describe ohmic and charge-transfer processes, while capacitors repre-
sent ideal capacitive behavior. Together, they define characteristic time
constants 7 = R x C that approximate the characteristic response times
of the underlying electrochemical processes [12]. When modeling actual
experimental data, the capacitive effect is sometimes modeled using a
constant phase element (CPE) to account for non-ideal behavior arising
from electrode surface roughness, inhomogeneities, and other imper-
fections within the cell.

1.2. Machine learning in SoH estimation

Data-driven ML methods have become increasingly prominent for
battery SoH estimation due to their ability to capture complex, nonlinear
relationships between operating conditions and degradation trends
[19]. Unlike physics-based models, which require detailed material
parameters and are often computationally expensive [20,21], data-
driven models can be more readily adapted to different operating con-
ditions and battery datasets without requiring explicit electrochemical
parameterization. This reframes SoH estimation as a ML regression task,
rather than a purely physics-based estimation problem [22]. Among
traditional ML approaches, Support Vector Regression (SVR) has been
widely used for its strong generalization capability, particularly on
small- to medium-sized datasets [23]. However, its predictive perfor-
mance is sensitive to the kernel and hyperparameter selection, and its
computational cost increases rapidly with dataset size [24]. Deep
learning models, such as Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks, have also been explored for
SoH estimation [25,26]. CNNs are particularly effective at identifying
local correlations and characteristic patterns within structured inputs
such as voltage curves and impedance spectra [27], while LSTM net-
works capture temporal dependencies in sequential degradation data
[28]. This makes them well-suited for modeling degradation over mul-
tiple charge-discharge cycles. Despite their strengths, these models
typically require large datasets and substantial computational resources
[29].

To improve generalization under limited training data or varying
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Table 1
Shows the cell technical specifications as provided by the manufacturer.
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Table 2
Shows the different conditions under which the cells were cycled.

Cell specification Value Test ID Temperature[°C] Charge-rate Discharge-rate Rest time [h]
Cell chemistry NMC622|Graphite T™M1 25 0.5 0.5 2
Capacity (Ah) 1 T™2 45 0.5 1.5 2
Cathode/Anode areal capacity (mAh/cm2) 2.24/2.7 T™M3 45 0.5 0.5 0
Voltage limits (V) 3.0-4.2 TM4 45 1.5 1.5 2
Cathode/Anode porosity (%) 31.30/31.80 TM5 25 0.5 0.5 0
Cathode/Anode thickness double-sided without foil (ym) 85/100 TM6 25 1.5 1.5 0
Max charge/discharge current (C) 1.5/3 T™7 25 1.5 0.5 2
Cell dimension (mm x mm) 51 x 66 ™S8 25 0.5 1.5 2
Cell stack type Stacked TM9 45 1.5 1.5 0
TM10 45 0.5 0.5 2
™11 25 0.5 1.5 0
operating conditions, transfer learning and hybrid ML frameworks have ™12 45 0.5 1.5 0
also been investigated [30,31]. Gaussian process—XGBoost models T™M13 45 15 05 2
T™M14 45 1.5 0.5 0

combine probabilistic uncertainty estimation with boosted tree ensem-
bles and have demonstrated improved prediction accuracy over indi-
vidual models [32,33]. Among data-driven approaches, tree-based
ensemble methods have become particularly attractive for battery SoH
estimation due to their suitability for tabular datasets and their ability to
capture complex nonlinear relationships between degradation features
and battery health. Tree-based ensemble methods are well suited to this
type of structured tabular data because they require minimal feature
engineering, naturally capture nonlinear feature interactions, and are
comparatively robust to multicollinearity and varying feature scales
[34,35]. In addition, these models provide feature-importance rankings,
enabling analysis of the relative contribution of different input features
to SoH prediction. Random Forest and XGBoost exhibit complementary
learning characteristics. Random Forest reduces prediction variance
through bootstrap aggregation [36], while XGBoost sequentially mini-
mizes residual errors to improve predictive accuracy [37]. Combining
both models within a stacking framework therefore enables the meta-
learner to exploit the strengths of each individual algorithm while
improving overall robustness and generalization.

2. Measurement method

This section outlines the methodology used in our study. We begin
with the preparation and formation of the cells, followed by the devel-
opment of a test matrix detailing the cycling conditions and the acqui-
sition of EIS measurements at different SoH levels. The proposed ML
model is then introduced. Finally, the predictive performance of the
model using EIS-derived features as input is compared with that of the
model using ECM parameters to evaluate the relative performance of the
model on each dataset.

2.1. Cell formation and ageing

Lithium-ion batteries with a nominal capacity of 1 Ah were pur-
chased from LiFUN Technologies without electrolyte. Technical speci-
fications of the cell as provided by the supplier are summarized in
Table 1 After drying under vacuum at 80 °C for 24 h, the cells were filled
with 2.8 ml of electrolyte (1 M LiPFg EC/EMC 3:7, 2 wt% VC) in a dry
room with dew point of —55 ppm and allowed to wet for 12 h while held
at 1.5 V. Formation cycles was carried out at 25 °C, consisting of an
initial C/20 charge and C/10 discharge within a voltage window of
3.0-4.2 V, followed by two additional C/10 charge-discharge cycles.
After the formation cycles, the cells were degassed and resealed using a
vacuum sealer. In total, 42 cells were prepared and cycled under four-
teen different conditions, with three cells per condition to show repro-
ducibility of the results. After formation, the cells were clamped between
two pressure plates to emulate the mechanical constraints experienced
within a battery pack. Springs were incorporated into the setup to
accommodate limited expansion in the event of excessive buildup of
internal pressure. EIS measurements were acquired at defined intervals
during cycling to monitor the evolution of the cells as they age. Each cell

was cycled up to 2150 full cycles under a single test condition, as
specified in Table 2.

2.2. EIS measurement

During testing, over 900 EIS measurements were obtained. All
measurements were performed at 25 °C in a 53 1 Binder climate cham-
ber, with the cell state of charge (SoC) set to 50% of the remaining ca-
pacity. Potentiostatic EIS measurements were performed using the
Zahner Zennium EIS device at 74 frequency points over a range of 10
mHz to 50 kHz using a perturbation voltage signal of amplitude 10 mV
in multisine mode. The rest time between testing and EIS measurement
varied from the intended 12 h to two days. While this may introduce
some variability, the spectra were measured after a relaxation period
intended to reduce transient effects [38]. An ECM model was used to fit
the EIS data, allowing for the extraction of model parameters using the
ImpedancePy tool [39].

2.3. State estimation model and data preprocessing

The proposed ML framework employs a stacking ensemble archi-
tecture consisting of XGBoost and Random Forest regressors as base
learners. Each base learner is independently trained using the same
input feature representation, with the SoH as the dependent variable.
Rather than directly combining their in-sample predictions, the stacking
procedure follows a two-level learning strategy. During training, the
base learners are evaluated using five-fold grouped cross-validation
(GroupKFold), with grouping performed at the cell level to ensure that
all EIS measurements from a given cell remain within the same fold. For
each fold, the base learners are trained on four folds and used to predict
the held-out fold, thereby generating out-of-fold predictions for every
training sample. These out-of-fold predictions are subsequently used to
train a linear regression meta-learner, which learns how to combine the
predictions from both base models. After training the meta-learner, the
XGBoost and Random Forest models are retrained using the complete
training dataset. During inference, predictions from these retrained base
learners are passed to the meta-learner to generate the final SoH esti-
mate for previously unseen cells. By training the meta-learner exclu-
sively on out-of-fold predictions, the proposed stacking framework
reduces the risk of information leakage and overfitting associated with
conventional in-sample stacking.

The XGBoost model was configured with a moderate learning rate
and a relatively large number of estimators, allowing the model to learn
complex patterns progressively while maintaining generalization
through regularization and subsampling. Tree depth and subsampling
were selected to provide sufficient model flexibility. The Random Forest
regressor was configured with a moderate number of trees of limited
depth, allowing it to capture nonlinear relationships while maintaining
model simplicity. The hyperparameter values used for each model are
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Table 3

Shows the model hyperparameter settings for ensemble learning.
XGBoost Hyperparameter Value
n_estimator 500
learning_rate 0.05
max_depth 5
min_child weight 1
subsample 0.5
colsample_bytree 1
objective ‘reg:squarederror’
random_state 42
Random Forest Regressor Hyperparameter Value
n_estimator 100
max_depth 10
criterion ‘squared_error’
random _state 42

summarized in Table 3.

Before model training, a preprocessing step was applied to remove
measurement artefacts originating from variations in the experimental
setup rather than from battery degradation. During periodic reference
performance tests, cells were repeatedly transferred between devices.
This handling occasionally introduced small variations in electrical
contact resistance, which manifest primarily as shifts in the high-
frequency intercept of the impedance spectrum. For the raw EIS data,
the impedance measured at 6.7 kHz, corresponding to the high-
frequency intercept of the Nyquist plot, was used as the quality-
control indicator. For the ECM-based representation, the fitted param-
eter RO, which models this same high-frequency intercept, was used.
These quantities were used as quality-control indicators for identifying
measurements affected by the contact resistance. Measurements with RO
or |Z| at 6.7 kHz lying outside the interval defined by the 10th and 90th
percentiles were excluded. This procedure was intended to remove only
obvious measurement artefacts while preserving the full range of battery
ageing states.

After preprocessing, the EIS data were transformed from their real
and imaginary components into impedance magnitude (|Z|) to reduce
redundancy while preserving electrochemical information. To mitigate
overfitting and reduce computational complexity from high-
dimensional spectra, we segmented the impedance data into low- (10
mHz-1 Hz), mid- (1 Hz-1 kHz), and high- (1 kHz-50 kHz) frequency
bands. Within each frequency band, statistical descriptors—mean |Z|,
log-log slope |Z| vs frequency (log-log |Z|), and interquartile range |Z|—
are derived. The frequency bands are selected from windows where the
log-log |Z| plot shows approximately linear behavior from the EIS
measurement at the beginning-of-life. This band-based feature engi-
neering approach achieves substantial dimensionality reduction while
preserving electrochemical signatures relevant to degradation pro-
cesses. Although cell ageing causes characteristic frequencies to shift
over time, fixed-frequency bands were used here as a consistent, model-
independent way to summarize spectral evolution. The extracted fea-
tures, therefore, do not assume a one-to-one mapping between fre-
quency bands and specific electrochemical processes, but instead
capture ageing-induced changes in impedance shape within the spectral
regions.

Additionally, collinearity pruning is applied to all features across
both data sets to further eliminate redundancy in the input features. For
each pair of features with a Pearson correlation coefficient greater than
0.9, one feature was removed. By retaining only weakly correlated
features, the model benefits from improved numerical stability.
Following feature extraction and correlation pruning, the dataset was
partitioned into training and testing sets. Cell-wise GroupShuffleSplit
was used to ensure that all features from a given cell were assigned
exclusively to either the training or test set, thereby preventing
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information leakage arising from highly correlated measurements
belonging to the same degradation trajectory. The training set was
subsequently divided into training and validation subsets using a second
GroupShuffleSplit, again preserving cell-wise separation. Feature
normalization was performed using Min-Max scaling, with scaling pa-
rameters determined from the training data and subsequently applied
unchanged to the validation and test sets. To compensate for the rela-
tively limited number of measurements at low SoH, training samples
with SoH below 80% were assigned a weight of 1.5 during optimization
of both base learners, while all remaining samples were assigned a
weight of 1.0.

2.4. Performance evaluation metrics

The performance of the proposed model is quantitatively evaluated
using three widely adopted regression metrics: root-mean-square error
(RMSE), mean absolute error (MAE), and the coefficient of determina-
tion (R?). These metrics provide complementary perspectives on the
prediction accuracy and overall estimation performance of the model.
The RMSE measures the square root of the average of the squared dif-
ferences between the predicted SoH values and the corresponding SoH
measurement. It is defined as:

RMSE = (@)

Where y; and y; denote the measured and predicted SoH values,
respectively, and N is the number of samples. RMSE penalizes larger
estimation errors more heavily due to the squaring of residuals and is
therefore sensitive to large deviations between predicted and measured
SoH. The MAE computes the average of the absolute differences between
predicted and actual SoH values and is given by:

N
MAE = Zlf/i*}'d @
i1

2=

Compared to RMSE, MAE provides a more direct interpretation of the
average estimation error and is less influenced by large deviations,
providing an intuitive measure of the typical prediction error. In our
case, low RMSE and MAE values indicate good model estimation per-
formance. The coefficient of determination, R%, quantifies how much of
the variability in the measured SoH can be accounted for by the input
Features of the model, showing the degree to which the predicted values
follow the overall degradation trend, and is expressed as:

RZ=1-— M 3)

Y-y
Where ¥ represents the mean of the measured SoH values. An R? value
close to 1 indicates strong agreement between predicted and measured
SoH, while lower values suggest reduced explanatory power. In com-
bination, RMSE and MAE quantify the absolute accuracy of the SoH
predictions, while R? evaluates how well the model follows the
measured SoH evolution over the ageing process.

3. Results and discussion

This section presents the results of the proposed SoH estimation
framework. First, an overview of cell degradation under the different
cycling conditions is presented. The ECM used to fit the EIS data and the
corresponding fitting quality are then discussed. This is followed by the
preprocessing and extraction of the input features. Next, feature-
importance analysis is performed to identify the most influential
impedance characteristics and ECM parameters contributing to SoH
prediction. Finally, the predictive performance of the model is evaluated
using both ECM-based parameters and band-compressed EIS-derived
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Fig. 1. Shows the average state-of-health of the cells at different test conditions. The standard deviation between the cells is shown as the error bars. The legend
summarizes the cycling temperature(T), the charge and discharge current rates (C and D), and the duration of the rest time (R). The plots are shown separately to

improve visual clarity.

features, including comparisons between the full and reduced feature
sets.

3.1. State-of-health evolution

The SoH of three replicate cells was monitored for each test condition

to quantify the progression of cell ageing under different test conditions.
Fig. 1 presents the mean SoH of replicate cells of each test condition as a
function of cycle number. For clarity, the data are presented across four
separate plots. The error bars represent the standard deviation from the
mean, reflecting the SoH variation among the replicate cells. Across all
test conditions, the maximum variation in capacity among replicate cells

0.01
—— Data e 0.02{ —
a) it "/ ’*—\\ = b),G, ~ z:ta
-l \-l‘/ E End of cyclin
5 ~ Beginning of cycling < 0.011 yeling
g o000y f o
< f —
) [ 3 0.00]
3 r =
= -0.01 N
N '\ll -0.01 - [
. 0.02 0.04 0.06 0.08
' Z'(w) [Ohms]
0.01 0.02 0.03 0.04
Z'(w) [Ohms]
R1 R2 R3

CPE1
Fig. 2. Nyquist plots showing experimental impedance data (blue) and fitted models (orange) (a) at the beginning of cycling and (b) at the end of cycling. (c) An

equivalent circuit model is used to fit the measured EIS data.



E. Ezeoba et al.

Table 4

Overview of the input features used in the machine learning model,
comprising fitted ECM parameters and statistical descriptors extracted
from band-compressed EIS spectra.

ECM parameters EIS-derived features

LO Low frequency |Z| mean

RO Mid frequency |Z| mean

R1 High frequency |Z| mean

CPE1 Low frequency log-log |Z| slope
R2 Mid frequency log-log |Z| slope
c2 High frequency log-log |Z| slope
R3 Low frequency |Z| IQR

c3 Mid frequency |Z| IQR

W4 High frequency |Z| IQR

c4 -

is less than 2% of nominal cell capacity, indicating uniformity in cell
behavior within the test conditions. At the end of testing, most cells
retained capacities of about 80% SoH, with condition-dependent trends
in degradation behavior observed depending on the ageing metrics
considered.

Lower temperature cycling at 25 °C induced a faster decline in SoH
with respect to cycle number than 45 °C cycling, while extended rest
periods between charge and discharge also accelerated the SoH decline
compared to continuous cycling. The results indicate that lower oper-
ating temperature and intermittent resting can exacerbate degradation
processes through slower charge carrier mobility and parasitic side re-
actions at high SoCs, respectively. On the other hand, certain test con-
ditions showed identical ageing trends. This similarity indicates that,
despite differences in the imposed cycling conditions, the cells experi-
enced comparable cumulative degradation, although the ageing modes
might still differ. Further details on the ageing behavior and mechanistic
interpretation of these cells are presented in [40].

3.2. Equivalent circuit model

Based on the characteristic features of the measured EIS spectra, an
ECM topology comprising one R-CPE branch and two RC branches,
along with an inductor, resistor, Warburg element, and capacitor con-
nected in series, was adopted, as shown in Fig. 2c. Representative fits
demonstrating the quality of the model on EIS data at the beginning and
end of cycling are shown in Fig. 2a and b. The selected ECM provides a
consistent fit to the EIS data across the entire test conditions, achieving a
maximum RMSE on the order of 10™* Q. Simpler ECM topologies with
fewer elements resulted in fit errors approximately two orders of
magnitude higher, while adding further elements to the selected topol-
ogy did not provide a meaningful improvement in the fitting error. This
comparison supports the selection of the present topology as a balance
between fitting accuracy and model complexity. The series-connected

R3

a)

Feature

w4

Lo

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Importance Score
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inductor LO accounts for the inductive behavior of the connecting ca-
bles at high frequencies, while the resistor RO models the bulk resistance
of the cell materials and current collectors. The parallel combination of
R1-CPE1 is used to model the solid electrolyte interphase (SEI) layer,
while the R2-C2 and R3-C3 branches represent charge-transfer processes
at the anode and cathode, respectively [41]. It should be noted that the
selected ECM is not unique and that alternative circuit topologies may
provide similarly accurate representations of the measured spectra. The
model adopted here was selected as a compromise between fitting ac-
curacy, physical interpretability, and model complexity, providing a
compact and consistent set of features for subsequent ML analysis.

The input features derived from both representations are summa-
rized in Table 4. The table lists the parameters obtained from the ECM,
along with the statistical descriptors extracted from the band-
compressed EIS data. The correlation matrices for the EIS-derived fea-
tures and ECM parameters are presented in Figs. 1 and 2 of the sup-
plementary information, respectively. Some correlation between the
CPE parameters is expected, since both jointly describe the same
distributed impedance response. For the EIS-derived representation,
relatively higher correlations are primarily confined to features within
the same frequency band. The high-frequency band log-log |Z| slope was
pruned out due to its high correlation with high-frequency |Z| IQR.

3.3. Feature importance analysis

Applying the quality-control filtering procedure resulted in the
exclusion of only four impedance measurements from the complete
dataset. These excluded measurements were identified as measurement
artefacts not representative of the cell ageing behavior. Therefore, the
filtering step had a negligible impact on the overall SoH and ageing-
condition distribution of the dataset. Feature importance analysis was
performed to identify which ECM parameters and band-compressed EIS
features contribute most strongly to SoH estimation after collinearity
pruning. Fig. 3a and b summarize the relative importance of the
remaining features as determined by the XGBoost base learner used in
the ensemble. Feature importance analysis was performed to identify
which ECM parameters and band-compressed EIS features contribute
most strongly to SoH estimation after collinearity pruning. Fig. 3a and b
summarize the relative importance of the remaining features as deter-
mined by the XGBoost base learner used in the ensemble. For the EIS-
derived feature set, the most influential features are associated with
the mid- and low-frequency bands, with the log-log |Z| slope in the mid-
frequency region ranking as the most dominant feature. The dominance
of mid- and low-frequency EIS-derived features in the feature impor-
tance ranking indicates that impedance variations in this frequency
range are more informative for SoH prediction than those at higher
frequencies for the data set and model setup used in this work. For the
ECM parameters, the feature-importance ranking is strongly dominated
by R3, with the constant phase element parameter CPE1_0 emerging as

b) Mid-band log-log |Z| slope
Mid-band mean |Z|
Low-band log-log |Z]| slope

Low-band mean |Z|

Feature

Mid-band |Z| IQR

Low-band |Z| IQR

High-band mean |Z|

High-band |Z| IQR

0.0 01 02 03 04 05
Importance Score

Fig. 3. Feature importance ranking of a) ECM parameters and b) EIS-derived features as determined by the XGBoost base learner used in the ensemble model.
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Table 5
Comparison of model performance metrics with ECM parameters and EIS raw
dataset.
Complete feature set The top four most significant
features
ECM EIS-derived ECM EIS-derived
parameters features parameters features
Validation
performance
Mean absolute 0.0195 0.0206 0.0217 0.0217
error
Root-mean-square 0.0249 0.0266 0.0274 0.0271
error
R? 0.8301 0.7455 0.7929 0.7360
Test performance
Mean absolute 0.0194 0.0144 0.0231 0.0150
error
Root-mean-square 0.0267 0.0194 0.0325 0.0196
error
R? 0.7521 0.8567 0.7984 0.8535
FWHM 0.0607 0.0456 0.0622 0.0455

the second most influential feature. The remaining ECM parameters
contribute comparatively little to the overall prediction, indicating that
the ageing information relevant to SoH estimation is concentrated
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within a small subset of the fitted circuit parameters. In both represen-
tations, the importance scores show a steep decay beyond the top-
ranked features, indicating that degradation information is primarily
carried by a small number of highly informative descriptors. This
observation is consistent with the comparable performance obtained
using only the four most significant features, suggesting that the
remaining features contribute relatively little additional predictive in-
formation. High-frequency features LO and RO contribute minimally,
suggesting that bulk ohmic behavior alone does not fully account for the
observed degradation trends.

3.4. Machine learning model

This subsection presents the performance of the proposed ML model
evaluated based on the MAE, RMSE, and R? values. Quantitative per-
formance metrics for the models trained using both the full feature sets
and the four most significant features are summarized in Table 5. The
results show that, although the complete feature set achieves slightly
better predictive performance, the reduced feature set still delivers
comparable accuracy, with slightly decreased performance metrics. This
suggests that only a few features retain most of the predictive infor-
mation contained in the full feature representations. Fig. 4 visually
compares the predicted SoH and its corresponding measured values for
the ECM-based and EIS-derived representations. A direct comparison of
the two feature representations further highlights the distinction
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Fig. 4. Scatter plots of predicted versus actual SoH for the stacked ensemble model. (a,b) show results using the full feature sets derived from the ECM parameters
and EIS-based representations, respectively, while (c,d) present the corresponding results using only the most significant features from each representation. The red

dashed line indicates the line of perfect prediction.
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Fig. 5. Histogram plots of the residuals (actual — predicted SoH) for the test data. (a,b) correspond to the full feature sets derived from ECM parameters and EIS-
based representations, respectively, while panels (c,d) show the residual distributions obtained using only the top three most significant features from each rep-
resentation. In all cases, the residuals are approximately normally distributed and centred around zero.

between physically structured ECM parameters and directly extracted
EIS-derived spectral descriptors. As shown in Fig. 4(a-d), both repre-
sentations produce predictions that align closely with the line of perfect
agreement, while the EIS-derived features show marginally tighter
clustering around the reference line.

The EIS-derived features achieved a slightly higher prediction ac-
curacy than the ECM-based representation. This suggests that the sta-
tistical descriptors extracted directly from the impedance spectrum
preserve slightly more of the ageing-related information available for
SoH estimation. Nevertheless, the performance difference between the
two representations remains small, indicating that both compact feature
sets effectively capture the degradation information contained within
the impedance spectrum. While the EIS-derived features provide a
purely data-driven representation, the ECM parameters offer the addi-
tional advantage of direct electrochemical interpretability, which may
be beneficial for degradation analysis beyond SoH prediction. The re-
sidual distributions in Fig. 5a-d correspond to the full and reduced
feature sets for both the ECM-based and EIS-derived representations. In
all cases, the residual errors are approximately normally distributed and
centered around zero, indicating that the dominant ageing trends are
well captured and that the remaining deviations arise primarily from
stochastic variability rather than systematic bias. The FWHM values
were identical for the EIS and ECM representations in both the complete-
feature and the reduced-feature representation, indicating comparable
error spread and prediction consistency within each setting.

In comparison to similar studies, the SoH predictive performance
attained here is comparable to that of other ML methods. GPR-based
methods have reported mean absolute errors below 1.5% under
controlled conditions [42], while deep learning approaches have been
reported to achieve errors of 2% when trained on well-structured
datasets and full-cycling data [26]. In this context, the results pre-
sented here attained predictive performance comparable to existing ML
approaches while being evaluated on a dataset comprising cells aged
under fourteen distinct operating conditions. A key advantage of the
proposed approach is that this level of performance is obtained using
compact feature representations rather than full impedance spectra or
highly engineered feature sets. Both the ECM-based and band-
compressed EIS-derived representations preserve the electrochemical
information most relevant to battery degradation while substantially
reducing input dimensionality. Furthermore, the stacking ensemble
exploits the complementary learning characteristics of XGBoost and
Random Forest to improve prediction robustness, demonstrating that
compact, physically meaningful feature representations can provide
reliable SoH estimation without relying on high-dimensional impedance
data.

4, Conclusion

This study demonstrates the feasibility of combining EIS with ML to
estimate the SoH of lithium-ion batteries using data from cells aged
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under different conditions. The models were developed and evaluated
using EIS measurements acquired from full lithium-ion cells aged under
fourteen distinct operating conditions, enabling assessment of the pro-
posed framework across a broad range of degradation trajectories and
operating stresses. Model performance was evaluated and compared
across two feature representations: band-compressed descriptors
derived from the impedance spectra and parameters obtained from ECM
fitting. When used within a stacking ensemble comprising XGBoost and
Random Forest base learners with a linear regression meta-learner, both
feature representations achieved strong predictive performance, with
RMSE below 3%, comparable to the accuracy reported in the literature.
The feature importance analysis showed that mid- and low-frequency
impedance characteristics are the most informative predictors within
the EIS-derived feature set. The model also maintained comparable
performance when trained on a reduced feature set that includes only
the top four most significant features in both feature sets. For the ECM
representation, the feature-importance analysis was strongly dominated
by the parameter R3, followed by the constant phase element parameter
CPE1_0, indicating that most predictive information is concentrated
within a small subset of the fitted circuit parameters. Overall, the results
show that both physically informed ECM parameters and statistically
derived EIS descriptors provide reliable inputs for data-driven SoH
estimation. The proposed methodology therefore offers an efficient and
interpretable framework for EIS-based battery health estimation while
substantially reducing input dimensionality, making it well suited for
applications where EIS measurements are available.
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