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Abstract

Accurate state-of-health (SOH) estimation is essential for the reliable operation of lithium-
ion batteries. However, predicting SOH for previously unseen batteries remains challeng-
ing because degradation behavior varies among cells. This study proposes a multi-source
feature-learning framework that combines electrochemical impedance spectroscopy (EIS),
discharge-profile, and aging-related information for cross-battery SOH estimation. EIS
and discharge data from 34 batteries in the National Aeronautics and Space Administra-
tion (NASA) battery aging dataset are processed to construct 1830 matched impedance—
SOH samples. A total of 101 features are extracted from raw and rectified impedance spec-
tra, resampled impedance points, NASA-provided impedance parameters, discharge pro-
files, and cycle-related information. Random Forest (RF), Extra Trees (ET), Gradient Boost-
ing (GB), Histogram Gradient Boosting (HGB), and Extreme Gradient Boosting (XGBoost)
models are evaluated using random sample splitting and strict battery-wise validation.
Under random validation, GB achieves the best performance, with a coefficient of deter-
mination (R?) of 0.9788. Under strict battery-wise validation, ET achieves a mean absolute
error (MAE) of 4.9131 percentage points, a root mean square error (RMSE) of 7.3664 per-
centage points, and an R? of 0.7855. The performance difference between the two valida-
tion strategies demonstrates the importance of battery-grouped evaluation when as-
sessing generalization to unseen cells. Overall, the results indicate that combining imped-
ance- and discharge-derived information provides a promising basis for cross-battery
SOH estimation, although further leakage-controlled validation across broader operating
conditions is required.
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electric vehicles, renewable-energy systems, portable electronics, and smart-grid applica-
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This article is an open access article tions [1,2]. Their high energy density, long cycle life, low self-discharge rate, and rapid-
distributed under the terms and charging capability make them suitable for a wide range of modern energy applications
conditions of the Creative Commons  [3,4]. Nevertheless, repeated charge-discharge cycling causes electrochemical and struc-
Attribution (CC BY) license. tural degradation, resulting in gradual capacity loss and increased internal resistance [5-
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7]. These degradation processes reduce power capability and energy efficiency, shorten
service life, and may increase safety risks [6,8]. Consequently, accurate state-of-health
(SOH) estimation is an essential function of a battery management system (BMS). Reliable
SOH information can support failure prevention, predictive maintenance, operational
safety, and efficient utilization of battery energy-storage systems [9-11].

SOH-estimation methods are generally classified as model-based, data-driven, or hy-
brid approaches [12-15]. Model-based methods, including equivalent-circuit models, elec-
trochemical models, and Kalman filter-based estimators, can provide physically meaning-
ful representations of battery behavior [13,16-18]. However, their accuracy depends on
appropriate model structures, reliable parameter identification, and knowledge of oper-
ating conditions. These requirements are difficult to maintain because battery parameters
vary with aging, temperature, state of charge, and usage history [19-21]. Data-driven
methods, particularly machine learning (ML) and deep learning (DL), can identify non-
linear degradation patterns directly from measured data and have therefore received con-
siderable attention [14,22,23]. Existing studies have used voltage, current, temperature,
capacity, and cycle-related indicators for SOH estimation. Nevertheless, these externally
measured variables may not fully characterize the internal electrochemical processes as-
sociated with battery degradation [22,24-26].

EIS provides complementary information about the internal electrochemical behav-
ior of LIBs. Impedance spectra reflect contributions from ohmic resistance, charge-transfer
processes, interfacial polarization, and diffusion-related behavior across different fre-
quency regions [13,25,27,28]. Because these responses evolve during degradation, EIS-de-
rived indicators can support battery-health assessment [29,30]. However, some EIS-based
studies rely primarily on a limited number of fitted parameters, such as electrolyte re-
sistance (Re) and charge-transfer resistance (Rct), without fully utilizing changes in the
impedance-spectrum shape [31-33]. Moreover, many data-driven studies employ random
sample splitting, through which measurements from the same battery may appear in both
the training and test sets [34-36]. This sample overlap can produce optimistic results be-
cause a model may learn battery-specific degradation patterns. Battery-wise validation, in
which complete batteries are reserved for testing, therefore provides a more rigorous as-
sessment of generalization to previously unseen cells [37-40].

To address these limitations, this study proposes a multi-source feature-learning
framework for cross-battery SOH estimation. The framework integrates statistical and
shape-based descriptors from raw and rectified impedance spectra, resampled impedance
points, NASA-provided impedance parameters, discharge-profile indicators, and cycle-
related information. A dataset comprising 1830 matched impedance-SOH samples from
34 NASA batteries is constructed, from which 101 input features are extracted. The per-
formances of RF, ET, GB, HGB, and XGBoost are evaluated using both random sample
splitting and strict battery-wise validation. Unlike random validation, the battery-wise
strategy reserves complete batteries for testing and therefore provides a more rigorous
assessment of generalization to previously unseen cells. Under strict battery-wise valida-
tion, ET achieves an MAE of 4.9131 percentage points, an RMSE of 7.3664 percentage
points, and an R2 of 0.7855. These findings demonstrate the potential of combining imped-
ance- and discharge-derived information for cross-battery SOH estimation while empha-
sizing the importance of battery-grouped validation [41-43].

2. Dataset and Preprocessing
2.1. NASA Lithium-Ion Battery Aging Dataset

The NASA battery aging dataset was used to develop and evaluate the proposed
SOH-estimation framework [44,45]. The dataset contains charge, discharge, and EIS meas-
urements collected from LIBs under accelerated aging conditions. During charging, the
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cells were operated using a constant-current—-constant-voltage protocol until the terminal
voltage reached 4.2 V. During discharge, the cells were subjected to constant-current load-
ing until their specified cutoff voltages were reached. Repeated cycling resulted in pro-
gressive capacity degradation, while the EIS measurements captured corresponding
changes in the cells’ internal electrochemical behavior.

Data from 34 unique batteries were successfully processed, producing 1830 matched
impedance-SOH samples. Because the EIS and discharge measurements were not always
recorded at identical cycle positions, each EIS measurement was paired with the most
recent preceding discharge-capacity measurement from the same battery. The corre-
sponding capacity-based SOH value was then assigned as the target label for that EIS
sample. This approach ensured chronological matching without using future capacity
measurements. The battery IDs, experimental conditions, sample counts, and SOH ranges
should be reported separately to clarify the composition of the processed dataset.

Representative charge—discharge voltage curves for selected batteries at different cy-
cles are provided in Figure S1. The selected charge and discharge cycle numbers are sum-
marized in Table S3. These curves show the evolution of voltage behavior during cycling
and provide additional context for the discharge-profile features used in the proposed
framework, including voltage statistics, voltage drop, discharge duration, and tempera-
ture-related indicators.

2.2. SOH Calculation

The SOH of each battery was calculated from its measured discharge capacity relative

to the nominal cell capacity [46,47]. SOH was calculated as:
SOH (%) = 100 x min (L"“S””d , 1) 1)
nominal
where Cpeasureq i the measured discharge capacity obtained from the discharge cycle,
and Cpomina 1S the nominal battery capacity, set to 2.0 Ah in this study. The minimum
operator limits the calculated SOH to 100%.

In experimental battery datasets, measured discharge capacity can fluctuate around
the nominal capacity due to measurement uncertainty, temperature variation, rest effects,
short-term capacity recovery, and cell-to-cell variability. Therefore, capacity values
slightly higher than the nominal capacity do not necessarily indicate a physically mean-
ingful SOH greater than 100%. In this study, such values were not removed only because
they exceeded the nominal capacity; instead, the calculated SOH values above 100% were
capped at 100% using Equation (1). Only records with missing, incomplete, or physically
inconsistent capacity information were excluded during preprocessing.

This capping procedure may compress early-life samples near 100% SOH and can
slightly influence the SOH-label distribution. In the processed dataset, six matched im-
pedance-SOH samples, corresponding to approximately 0.33% of the 1830 samples, had
measured discharge capacity values higher than the nominal capacity and were capped
at 100% SOH. The details of these capped samples are provided in Table S2. Only records
with missing, incomplete, or physically inconsistent capacity information were removed
during preprocessing. Therefore, the model results should be interpreted with this pre-
processing choice in mind. Representative SOH degradation trajectories for selected bat-
teries are presented in Figure 1.
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Figure 1. SOH degradation curves of representative lithium-ion batteries.

2.3. Data Cleaning and Duplicate Handling

Some battery IDs were identified in more than one MATLAB (R2026a Student Edition,
MathWorks, Natick, MA, USA) data file. To prevent duplicate observations and unin-
tended data repetition, only one source file was retained for each battery. When multiple
files contained the same battery ID, the file providing the largest number of complete and
usable impedance-SOH samples was selected. Records containing missing impedance ar-
rays, invalid complex values, unavailable discharge capacities, or incomplete measure-
ment information were excluded. After duplicate removal and data-quality screening, the
final dataset contained 1830 matched samples from 34 unique batteries. A summary of the
processed dataset is provided in Table 1.

Table 1. Summary of the processed dataset.

Parameter Value
Data source NASA battery aging dataset
Batteries processed 34
Total samples 1830
Input features 101
Target variable SOH (%)
Nominal capacity 2.0 Ah
Sample-matching Each EIS measurement matched to the most recent preceding
method discharge measurement

Validation methods Random split, battery-wise split, repeated battery-wise split

3. Proposed Methodology
3.1. Overall Framework

The proposed framework combines impedance-, discharge-, and aging-related infor-
mation for cross-battery SOH estimation. As illustrated in Figure 2, the framework con-
sists of six main stages: dataset acquisition, measurement extraction, SOH calculation and
chronological label matching, multi-source feature extraction, feature integration, and
ML-based prediction and validation. First, discharge and EIS measurements are extracted
from the NASA MATLARB files. Each EIS record is then matched with the most recent
preceding discharge-capacity measurement to assign its SOH label. Statistical and shape-
based impedance descriptors, resampled impedance points, NASA-provided impedance
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parameters, discharge-profile indicators, and cycle-related variables are subsequently ex-
tracted and integrated into a unified feature matrix. Finally, the developed models are
evaluated using random sample splitting, strict battery-wise validation, and repeated bat-
tery-wise validation. Prediction performance is assessed using MAE, RMSE, and R2

SOH calculation and
Label matching

NASA Battery
aging dataset
Raw MATLAB files

#

Frequency-aware Feature Machine learning
Feature extraction integration __and validation_
" Rawimpedance, Resampled Random split,
rectified implementation points, strict battery-wise
osincettemes. | | e Spi repeate
featu?:s cycle information battery-W|se split

Cross-battery SOH prediction and performance analysis

Data extraction

Discharge cycles and
impedance cycles

Discharge capacity-based
SOH labeling

MAE, RMSE, R2, Prediction error, feature impedance

Figure 2. Overall workflow of the proposed multi-source feature-learning framework for cross-bat-

tery SOH estimation.

3.2. Impedance Feature Extraction

Each EIS measurement is represented as a complex-valued impedance spectrum con-
taining real and imaginary components. The real component reflects resistive contribu-
tions, whereas the imaginary component represents frequency-dependent capacitive, po-
larization, diffusion, and possible inductive behavior. Because these impedance responses
evolve during battery aging, both the magnitude and geometry of the Nyquist response
can provide degradation-sensitive information for SOH estimation.

A representative Nyquist plot obtained from the NASA dataset is shown in Figure 3.
The plot was generated from the original raw Battery impedance data of battery B0005
using a stable selected EIS record. The early, middle, and late stages were selected accord-
ing to the sequential order of EIS measurements in the NASA MATLAB file. For B0O005,
the impedance records were first indexed sequentially from the beginning to the end of
the aging test. A stable EIS record was then selected from the early, middle, and late por-
tions of the impedance sequence. The first EIS record was not used for the representative
Nyquist plot because it contained noisy and non-ideal points and did not clearly illustrate
the semicircle-like impedance response. Therefore, sequential EIS numbers 54, 140, and
258, corresponding to overall cycle indices 153, 329, and 573, were selected as representa-
tive early, middle, and late aging stages, respectively.

According to the NASA dataset description, the EIS measurement was performed
over a frequency range of 0.1 Hz-5 kHz. The high-frequency region is mainly associated
with ohmic resistance, the middle-frequency arc reflects charge-transfer and interfacial
polarization behavior, and the low-frequency region is related to diffusion and concentra-
tion-polarization processes. However, the MATLAB files do not provide a separate point-
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wise frequency vector. Therefore, exact frequency values were not assigned to individual
impedance points, and the points were connected according to their recorded sequence.

In the NASA MATLARB files, the raw impedance spectrum is stored as Battery im-
pedance, while the fitted impedance parameters, including Re and Rct, are stored sepa-
rately for each EIS record. Therefore, Re and Rct were used as numerical features in this
study and were not manually extracted from the visual intercepts of the plotted Nyquist
curve. To avoid ambiguity, the metadata of the first BO005 EIS record associated with the
original NASA-provided fitted R, and R, values are summarized separately in Table
S1.

0.12-
Low-frequency
0.09; region (~0.1 Hz)
a Middle-frequency
%y 0.064
|
0.03
High-frequency
0.00- region (~5 kHz)
0.20 0.25 0.30 0.35
Z'(Q)

Figure 3. Representative Nyquist plot of battery BO005 generated from a stable selected early-stage
raw EIS record. The curve was plotted using the original NASA Battery impedance data from se-
quential EIS number 54, corresponding to overall cycle index 153. The high-, middle-, and low-fre-
quency regions are indicated according to the NASA EIS sweep range of 0.1 Hz-5 kHz, and the
points are connected according to their recorded sequence because no point-wise frequency vector
is provided in the MATLARB file.

The Nyquist response shown in Figure 3 does not form a perfectly ideal semicircle.
This behavior is expected because the NASA impedance data are experimentally meas-
ured raw spectra rather than idealized equivalent-circuit responses. The non-ideal shape
may arise from high-frequency inductive behavior, measurement noise, interfacial polar-
ization, diffusion-related low-frequency response, and aging-induced deformation of the
impedance curve. Therefore, Figure 3 is used as a representative experimental impedance
response for feature extraction rather than as an ideal fitted electrochemical model. To
further support the representativeness of the EIS data, additional Nyquist plots for batter-
ies Boo5, B0O006, B0007, and B0018 at selected aging stages are provided in Figure S2.

The impedance at a given frequency can be expressed as:

Z(f) =2' () +jz"(f) @

where Z'(f) and Z"(f) represent the real and imaginary impedance components at fre-
quency f, respectively [48,49].

In addition to statistical descriptors, geometric features were extracted to character-
ize aging-related changes in the Nyquist response [25,50]. The real-impedance span was
calculated as:
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Z’span = Z,max - Z,min 3
m-1 Z., Z..
T4k T 4k ’ ’
ANyquist = Z Tﬂ(zk+1 - Zk) 4)
k=1

The relative arc height was expressed as:
Rare = ma;,k( 2 ®)
span
where m is the number of impedance points, Zg,,, represents the range of the real com-
ponent, Anyquist describes the integrated area under the Nyquist response, and R,y rep-
resents the maximum imaginary-impedance magnitude normalized by the real-imped-
ance span. These descriptors summarize changes in the magnitude and geometry of the
impedance response during battery aging.

In the NASA dataset, Battery impedance represents the raw complex impedance
spectrum, whereas Rectified Impedance represents the NASA-provided rectified complex
impedance spectrum. In this study, rectified impedance was used directly as provided in
the NASA dataset. It does not refer to a Kramers—Kronig transformation performed by the
authors, and it is not obtained by taking the absolute value of impedance. Both raw and
rectified impedance spectra were treated as complex-valued data, and their real and im-
aginary components were extracted separately for feature generation.

The raw and rectified impedance arrays were processed separately to preserve com-
plementary information from the original and rectified spectra. Statistical descriptors, in-
cluding the mean, standard deviation, minimum, maximum, range, and magnitude-re-
lated measures of the real and imaginary components, were extracted from each spectrum.
Shape-based descriptors, including the overall, early-region, and late-region slopes, were
also calculated to describe changes in the Nyquist-curve geometry.

Because the raw and rectified impedance spectra contain different numbers of points,
the impedance sequences were converted into fixed-length representations before model
development. In the NASA data used in this study, the raw impedance spectrum contains
48 complex points, whereas the rectified impedance spectrum contains 39 complex points.
For each sequence, the real and imaginary components were separated and interpolated
independently over a normalized point index. If an impedance sequence contained (m)
points, the normalized point index was defined as:

(k—1)
T m-1)
where s, is the original normalized point index and m is the total number of impedance
points. The sequence was then linearly interpolated onto a fixed normalized grid §,, de-
fined as:

k=123, ..,m (6)

=71 03 )
Ta-n T
where q is the fixed number of resampled points. Since the MATLARB files do not provide
explicit point-wise frequency values, this procedure was performed along the recorded
measurement sequence rather than along a physical frequency axis.

This resampling procedure was used only to obtain fixed-length inputs for machine-
learning models. It should not be interpreted as physical frequency normalization or fre-
quency-aligned electrochemical modeling. Instead, the resulting variables represent se-
quence-normalized impedance-shape features and compressed geometric curve infor-
mation along the recorded sequence. These features are useful for pattern recognition
within the NASA measurement protocol, but they are not fully frequency-aligned electro-
chemical descriptors and may not be directly portable to EIS datasets measured using dif-
ferent frequency grids or instruments.
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NASA-provided impedance parameters, including electrolyte resistance (Re) and
charge-transfer resistance (R«), were included when available. Discharge-derived varia-
bles, such as mean voltage, voltage drop, current statistics, temperature behavior, and
discharge duration, were extracted to represent complementary operating and degrada-
tion information. Cycle number and EIS measurement index were also retained as indica-
tors of aging progression. The resulting feature categories and their intended interpreta-
tions are summarized in Table 2.

Table 2. Extracted feature categories.

Feature Category Examples Physical Meaning
e Means, standard deviations, minima, max- Overall impedance magnitude and dis-
Raw Impedance Statistics . , . .
ima, and ranges of Z' and Z persion

Rectified impedance statistics

Statistical descriptors of rectified real and .
. . Corrected impedance response
Imaginary components

Nyquist shape descriptors

Real-impedance span, integrated area, arc Geometric changes in the impedance re-
ratio, and regional slopes sponse

Resampled impedance features

Resampled real and imaginary impedance Detailed impedance-shape variation

points along the recorded sequence
. Electrolyte and charge-transfer re-
NASA impedance parameters R., and R y sistancf

Discharge-profile features tistics, temperature behavior, and dis-

Voltage statistics, voltage drop, current sta- . . .
8 5 P Operating behavior and capacity-related

] degradation
charge duration &

Aging-progression features Cycle number and EIS measurement index Relative progression of battery aging

3.3. Machine Learning Models

Five machine learning regression models were evaluated in this study: RF, ET, GB,
HGB, and XGBoost. These models were selected because they are well suited for nonlinear
regression problems, can handle tabular datasets with mixed feature groups, and gener-
ally provide stable performance without requiring very large training datasets. This
makes them appropriate for learning the relationship between the extracted impedance-
based features and battery SOH.

RF is an ensemble method that builds multiple decision trees using bootstrapped
subsets of the training data and averages their outputs to improve prediction stability. ET
follows a similar tree-based ensemble structure but introduces additional randomness
during feature splitting, which can reduce variance and improve generalization. GB
builds decision trees sequentially, where each new tree attempts to correct the errors of
the previous model, allowing it to capture complex nonlinear degradation patterns. HGB
improves computational efficiency by using histogram-based feature binning during
training. XGBoost is a regularized gradient boosting method designed to improve predic-
tive accuracy, control overfitting, and handle complex feature interactions effectively.

3.4. Validation Strategies

Three validation strategies were used to evaluate the prediction performance and
generalization ability of the developed models. First, a random train-test split was applied,
where samples from all batteries were randomly divided into training and testing subsets.
This strategy provides a general measure of model performance when the training and
testing data are drawn from a similar distribution. However, because samples from the
same battery may appear in both subsets, the results may be optimistic.

Second, a strict battery-wise validation strategy was used. In this case, complete bat-
teries were separated between the training and testing sets, ensuring that the models were
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evaluated on batteries that were not seen during training. This approach is more repre-
sentative of practical battery management applications, where a trained model is expected
to estimate the SOH of new cells with different aging behavior.

Third, repeated battery-wise validation was performed using five different unseen-
battery splits. This evaluation was included to examine the stability of the models and to
reduce the dependence of the results on a single train—test partition.

To reduce label leakage, each EIS measurement was matched only with the most re-
cent preceding discharge-capacity measurement from the same battery, and no future dis-
charge-capacity information was used for SOH labeling. In addition, strict battery-wise
validation was used to prevent samples from the same battery from appearing in both the
training and test sets. Nevertheless, some features may still act as indirect proxy indicators
of SOH. In particular, discharge duration under constant-current discharge is closely re-
lated to discharge capacity, while cycle number and EIS measurement index represent
chronological aging progression. Therefore, the results are interpreted as multi-source
SOH estimation rather than EIS-only prediction, and leakage-controlled feature ablation
is identified as an important direction for future work. The model performance was as-
sessed using MAE, RMSE, and R? as defined in Equations (8)-(10), respectively. MAE
measures the average prediction error, RMSE gives greater weight to larger errors, and
R? describes the overall agreement between the measured and predicted SOH values
[51,52].

n

1 _
MAE = —Z|SOHl- — SOH,| 8)
n i=1
1% i
RMSE = |~ (SOH; — SOH,) )
i=1

" (SOH; — SOH,)"

£ A (10)
" (SOH; — SOH)

R? =

where SOH; is the measured SOH, SOH; is the predicted SOH, § OH is the mean meas-
ured SOH, and n is the number of test samples.

4. Results

The developed models were evaluated using random sample splitting, strict battery-
wise validation, and repeated battery-wise validation. The random split was used to as-
sess sample-level prediction under similar training and test distributions, whereas the bat-
tery-wise strategies were used to examine generalization to previously unseen cells. The
results obtained under these validation conditions are presented and compared in the fol-
lowing subsections.

4.1. Random Train—Test Performance

The random train—test results are presented in Table 3. In this validation strategy,
samples from all batteries were randomly divided into training and testing subsets. All
models achieved strong prediction performance, showing that the extracted frequency-
aware impedance features contain meaningful information related to battery degradation.
Among the evaluated models, GB achieved the best random split performance with an R?
value of 0.9788 and an RMSE of 2.1794%. XGBoost and ET also showed high prediction
accuracy, with R? values of 0.9740 and 0.9693, respectively. These results confirm that the
proposed feature set can effectively capture the relationship between impedance behavior
and battery SOH when training and testing samples come from a similar data distribution.

https://doi.org/10.3390/batteries12080291
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Table 3. SOH prediction performance under random train—test validation.
Model MAE (%) RMSE (%) R?

RF 1.0379 3.9241 0.9313

ET 0.6120 2.6246 0.9693

GB 1.0250 2.1794 0.9788

HGB 0.9304 3.0640 0.9581

XGBoost 0.9392 24132 0.9740

4.2. Battery-Wise Validation Performance

The battery-wise validation results are shown in Table 4. This evaluation is more
challenging than random splitting because the test batteries were not included during
model training. Under this strict validation strategy, ET achieved the best single-split bat-
tery-wise performance, with an MAE of 4.9131%, RMSE of 7.3664%, and R? of 0.7855. GB
also showed competitive performance, achieving an R? of 0.7806. These results indicate
that the proposed frequency-aware feature set can improve cross-battery generalization
by capturing degradation-related information from impedance spectra and discharge pro-
files.

Table 4. SOH prediction performance under strict battery-wise validation.

Model MAE (0/0) RMSE (o/o) R2
RF 6.0666 8.9080 0.6864
ET 49131 7.3664 0.7855
GB 5.3373 7.4504 0.7806

HGB 6.6181 9.3233 0.6565
XGBoost 5.6283 7.8426 0.7569

To illustrate the effect of the validation strategy, Figure 4 compares the R? values ob-
tained under random-split and strict battery-wise validation. All models showed lower
performance when evaluated on previously unseen batteries. The largest differences were
observed for RF and HGB, whereas ET and GB maintained comparatively stronger cross-
battery performance. This consistent reduction confirms that random sample splitting
provides optimistic estimates when samples from the same batteries are shared between
the training and test sets.

i1 Random Split R2
I Battery-wise Split R2

1.0

0.8

@ 0.6+
0.4

0.24

0.0

RF ET GB HGB XGBoost

Figure 4. Comparison of R? values obtained under random-split and strict battery-wise validation
for the evaluated ML models.
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4.3. Repeated Battery-Wise Validation

Repeated battery-wise validation was performed using five different battery-
grouped partitions to examine model stability across different unseen-cell combinations.
As summarized in Table 5, ET achieved the highest average R? of 0.8811 + 0.0629, followed
by XGBoost with 0.8765 + 0.0703 and RF with 0.8710 + 0.0507. RF produced the lowest
average MAE of 3.2205 percentage points and the smallest variation in R2. In contrast, GB
and HGB showed lower average R? values and greater variability across the five partitions.
These findings demonstrate that performance depends on the particular batteries reserved
for testing and should therefore be reported using both average accuracy and between-
split variability.

Table 5. Repeated battery-wise validation performance.

Model MAE (%) RMSE (%) R?2
RF 3.2205 0.8710 0.0507
ET 3.3041 0.8811 0.0629
GB 3.5967 0.8412 0.1067

HGB 3.3839 0.8425 0.0937
XGBoost 3.2570 0.8765 0.0703

4.4. Prediction and Error Analysis

The actual and predicted SOH values of the best battery-wise model are shown in
Figure 5. This figure provides a direct visual comparison between the measured SOH val-
ues and the model predictions for unseen test batteries. Overall, the predicted values fol-
low the same trend as the measured SOH values, showing that the model can capture the
main degradation behavior from the extracted impedance and discharge-based features.
The closeness of the points to the ideal prediction line indicates that the proposed fre-
quency-aware feature set contains useful information for estimating battery health, even
when the test batteries were not included during training.

100
Vd
7”7
Y
- en?’
X °,
z 80 s et
7] r'”d..
k] ®
3 ® ° )
% 601 /."".
L] 7
g s :. /: 7 0 s
” 9 ~
L ]
a0 7~
40 60 80 100

Actual SOH (%)

Figure 5. Measured versus predicted SOH values obtained using the ET model for seven unseen
test batteries under strict battery-wise validation. The blue dots represent individual battery sam-
ples, and the dashed line indicates the ideal one-to-one agreement between the measured and pre-
dicted SOH values..
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The prediction-error distribution for ET under strict battery-wise validation is shown
in Figure 6. Prediction error was calculated as:

e; =SOHL—SOHL (11)

where negative values indicate SOH underestimation and positive values indicate over-
estimation. Most errors are concentrated near zero, indicating relatively accurate predic-
tions for a substantial proportion of the test samples. However, the distribution contains
both negative and positive tails, showing that larger errors occur for certain measure-
ments from unseen batteries. These deviations are examined further using battery-level
error analysis.

304
_ |
Q
S 20-
-
o
o
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104
ol —1 I : : _l—ﬁ
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Prediction Error (%)

Figure 6. Distribution of ET prediction errors for seven unseen batteries under strict battery-wise
validation. Negative and positive values represent SOH underestimation and overestimation, re-

spectively.

Battery-level MAE values for the seven unseen test batteries are compared in Figure
7. Prediction performance varied substantially among the batteries. B0049 showed the
largest error, with an MAE of approximately 16.5 percentage points, followed by B0050
and B0038 with approximately 12.8 and 8.1 percentage points, respectively. In contrast,
B0029, B0042, B0044, and B0047 produced MAE values below approximately 3 percentage
points. This variation indicates that the model generalizes effectively to some batteries but
performs poorly when the degradation trajectory or operating characteristics differ from
those represented in the training set. The result highlights the importance of reporting
battery-level performance in addition to aggregate metrics.
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Figure 7. Battery-level MAE values obtained using ET for seven unseen batteries under strict bat-

tery-wise validation.

4.5. Feature Importance Analysis

Feature importance was calculated from ET to examine the relative contribution of
the input variables under strict battery-wise validation. As shown in Figure 8, mean tem-
perature was the most influential feature, followed by voltage standard deviation, maxi-
mum temperature, voltage drop, discharge duration, and mean voltage. Cycle number
and EIS measurement index also contributed to the predictions. In comparison, the dis-
played impedance-derived features, including the raw-spectrum slopes, arc ratio, and R,,
showed lower individual importance.

These results indicate that the model relies strongly on discharge-profile, thermal,
and aging-progression information rather than predominantly on impedance descriptors.
However, tree-based importance values measure predictive contribution and do not es-
tablish a causal relationship with degradation. Moreover, discharge duration, cycle num-
ber, and EIS measurement index may act as direct or indirect proxies for capacity loss.
Their influence should therefore be examined using feature-group ablation before conclu-
sions are drawn regarding the independent contribution of impedance information.
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Figure 8. ET feature-importance values obtained under strict battery-wise validation.

5. Discussion

The results demonstrate that combining impedance-, discharge-, thermal-, and ag-
ing-related information can support cross-battery SOH estimation. All models achieved
high accuracy under random-split validation, with GB producing an R? of 0.9788. How-
ever, performance declined under strict battery-wise validation, where ET achieved the
best result with an R? of 0.7855. This reduction shows that random sample splitting does
not fully represent the difficulty of predicting SOH for previously unseen batteries. The
battery-wise evaluation therefore provides a more realistic assessment of model generali-
zation and reveals the influence of cell-to-cell differences in degradation behavior.

Repeated battery-wise validation further showed that model performance depends
on the batteries selected for testing. ET achieved the highest average R? of 0.8811 + 0.0629,
whereas RF produced the lowest average MAE and the smallest variation in R2. Never-
theless, the battery-level analysis revealed substantial differences among unseen cells. Alt-
hough four test batteries produced MAE values below approximately 3 percentage points,
B0049, B0050, and B0038 showed considerably larger errors. These findings indicate that
aggregate performance metrics can conceal poor generalization for individual batteries
and that both average and battery-specific results should be reported.

The feature-importance results show that the predictions were driven mainly by ther-
mal, voltage, discharge-duration, and aging-progression variables, while the displayed
impedance-derived descriptors had lower individual importance. This finding supports
the multi-source nature of the framework but also requires careful interpretation. Because
SOH was calculated from discharge capacity, discharge duration under constant-current
loading may be strongly related to the target value. Similarly, cycle number and EIS meas-
urement index may act as proxies for chronological aging. Consequently, the reported
performance cannot be attributed solely to impedance information. Feature-group abla-
tion, particularly the removal of discharge duration, cycle number, and EIS measurement
index, is required to quantify the independent contribution of the impedance features.

The sequence-normalized resampling procedure also has an important limitation.
Because point-wise frequency vectors are not available in the NASA MATLAB files, the
resampled impedance features are based on the recorded order of impedance points ra-
ther than exact physical frequency positions. Therefore, these features should be inter-
preted as geometric curve-shape descriptors and compressed pattern-recognition inputs
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rather than fully frequency-aligned electrochemical descriptors. The reported accuracy
therefore reflects generalization across unseen batteries within the NASA measurement
protocol, but it does not by itself verify portability to impedance spectra measured using
different frequency grids, instruments, or EIS protocols. Future work should use datasets
with explicit frequency vectors and perform interpolation on a common logarithmic fre-
quency grid before model training.

Several limitations should also be considered. The framework was developed using
a laboratory dataset collected under controlled protocols, whereas practical battery sys-
tems experience wider variations in temperature, load profile, state of charge, and meas-
urement noise. The temporal separation between an EIS measurement and its matched
discharge-capacity label may introduce additional uncertainty. Moreover, EIS acquisition
requires specialized excitation and measurement procedures that may limit direct online
implementation. Future work should therefore include leakage-controlled feature abla-
tion, uncertainty quantification, external validation using independent datasets, and eval-
uation under broader operating conditions. Domain adaptation and transfer-learning ap-
proaches may also improve generalization across batteries with different chemistries, ag-
ing histories, and usage patterns.

6. Disclaimer on Method Transferability

The proposed framework is currently validated within the NASA battery aging da-
taset and its specific EIS measurement protocol. Because the MATLAB files do not provide
point-wise frequency vectors, the resampled impedance features are sequence-normal-
ized rather than fully frequency-aligned electrochemical descriptors. Therefore, the pre-
sent method should be interpreted as a NASA-dataset-based multi-source SOH estima-
tion framework rather than a directly transferable universal EIS diagnostic model. Appli-
cation to other datasets, instruments, battery chemistries, or practical BMS environments
requires explicit frequency-vector information, alignment on a common physical fre-
quency grid, recalibration using target-cell data, and external validation under representa-
tive operating conditions.

7. Conclusions

This study developed a multi-source feature-learning framework for cross-battery
SOH estimation using EIS, discharge-profile, thermal, and aging-related information.
Data from 34 NASA batteries were processed to construct 1830 matched impedance-SOH
samples with 101 input features, and five tree-based models were evaluated using ran-
dom-split, strict battery-wise, and repeated battery-wise validation. Although GB
achieved a high random-split R? of 0.9788, performance decreased under strict battery-
wise validation, where ET achieved an MAE of 4.9131 percentage points, an RMSE of
7.3664 percentage points, and an R? of 0.7855. Repeated battery-wise validation further
showed that performance varied across unseen batteries. Feature-importance analysis in-
dicated strong contributions from thermal, voltage, discharge-duration, and aging-pro-
gression variables, highlighting the need for future feature-group ablation. Because the
impedance features are sequence-normalized rather than frequency-aligned, the present
framework should be interpreted within the NASA measurement protocol. Direct transfer
to other datasets or practical BMS environments requires explicit frequency-vector infor-
mation, frequency-grid alignment, recalibration, and external validation.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/batteries12080291/s1,Figure S1: Representative charge—dis-
charge voltage curves of selected NASA lithium-ion batteries at different aging stages. Figure 52:
Nyquist plots of batteries (a) B0005, (b) B0006, (c) B0O007, and (d) B0018 at selected aging stages.
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Table S1: Selected NASA batteries and aging cycles used for representative charge-discharge volt-
age curves. Table S2: Matched impedance-state-of-health (SOH) samples capped at 100% SOH. Ta-
ble S3: Metadata of the first BOO05 EIS measurement used to clarify the NASA-provided Re and Rct
values, with the representative Fig. 3 record also noted.
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