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Interpretable machine learning for battery health
insights: A LIME and SHAP-based study
on EIS-derived features
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Abstract. This paper presents a comparative study of interpretable machine learning methods for lithium-ion battery state of health (SOH)
estimation using features derived from electrochemical impedance spectroscopy (EIS) and distribution of relaxation times (DRT) analysis.
Four DRT peak-area features capturing diffusion (A1), charge-transfer resistance (A2), solid-electrolyte interphase impedance (A3), and ohmic
resistance (A4). These serve as inputs to five regression models: linear regression, support vector regression, k-nearest neighbors, random
forest, and gradient boosting. All models achieve near-perfect predictive accuracy, demonstrating that these EIS-derived features reliably encode
SOH information. To bridge the gap between high performance and transparency, we apply Local Interpretable Model-Agnostic Explanations
(LIME) and SHapley Additive exPlanations (SHAP) to quantify both local and global feature importance. Our interpretability analysis reveals a
unanimous consensus: the SEI-related feature (A3) dominates SOH predictions, with the charge-transfer feature (A2) as a secondary contributor,
while diffusion (A1) and ohmic (A4) features play lesser roles. Cross-model and cross-method agreement underscores the physical validity of

these insights and paves the way for integrating transparent, trustworthy SOH estimators into safety-critical battery management systems.
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1. INTRODUCTION

Rechargeable lithium-ion batteries have become indispensable
in modern life, powering portable electronics, electric vehicles
(EVs), and grid storage systems [1]. Their performance and
safety are critical, yet batteries inevitably degrade over time [2].
Aging processes lead to capacity loss, increased internal resis-
tance, and can even pose safety risks such as thermal runaway if
not properly managed [3]. To monitor battery health and mitigate
failures, researchers increasingly rely on advanced diagnostics.
Electrochemical impedance spectroscopy (EIS) is a powerful
nondestructive tool that probes battery internal state by mea-
suring impedance across a wide frequency range [4]. EIS data
contain rich information on material properties, interfacial reac-
tions, and degradation phenomena inside the cell [5]. However,
raw EIS spectra are high-dimensional and complex, making
interpretation challenging when multiple electrochemical pro-
cesses overlap. An emerging approach to untangle EIS data is the
distribution of relaxation times (DRT) analysis, which decon-
volutes the spectrum into distinguishable peaks corresponding
to different electrochemical processes. The position, height, and
area of each DRT peak provide quantitative insight into spe-
cific reaction kinetics and resistive losses [6]. Notably, as the
battery ages, DRT-derived features offer a window into the pro-
gression of degradation?. Recent studies have leveraged such
DRT features for battery state-of-health (SOH) estimation [7].
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For example, using peak parameters in Gaussian process models
to predict capacity with only 1-2% error [8]. These advances
underscore that EIS and DRT can furnish valuable indicators of
battery health.

Meanwhile, data-driven machine learning (ML) techniques
are rapidly gaining prominence in battery diagnostics [9]. Tra-
ditional electrochemical modeling of every degradation mech-
anism is often intractable, so researchers turn to statistical ML
models to learn mappings from measured data to battery SOH.
Simple linear and support vector regressions to ensemble meth-
ods and deep neural networks are applied to capture the complex
patterns of battery aging [10]. These models can predict remain-
ing capacity or resistance growth without an explicit physical
model, enabling fast data-driven health estimation [11]. How-
ever, a key drawback is that many high-performing ML models
behave as “black boxes” offering little transparency about how
they reach their predictions [12]. The lack of interpretability is
problematic in critical energy storage applications: stakeholders
need to trust and understand ML-driven decisions, especially
to adopt them in safety-critical domains like EV battery man-
agement. Recognizing this, the field has seen a growing push
for explainable machine learning techniques?. Explainable Al
(XAI) seeks to make the decision process of the model transpar-
ent and interpretable [13]. In particular, model-agnostic expla-
nation methods that can be applied to any ML model, such as
SHapley Additive exPlanations (SHAP) and Local Interpretable
Model-Agnostic Explanations (LIME). These tools have the po-
tential to elucidate which input features most influence the SOH
predictions, thereby converting black-box models into ones that
yield human-understandable insights.

© 2025 The Author(s). This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)
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1.1. Problem statement

Despite the progress in data-driven battery health modeling,
most studies to date emphasize predictive accuracy over inter-
pretability. Typical battery SOH models do not explain why a
prediction is made, leaving battery engineers uncertain which
impedance features or DRT peaks were deemed important by
the model. This lack of insight can erode user confidence and
impede further development of robust, generalizable models.
There is thus a pressing need for integrating model-agnostic
XAI methods into battery health analytics to shed light on the
reasoning of complex models. SHAP and LIME offer a way
to probe any trained predictor by attributing influence scores
to features for a given prediction or model overall. These two
approaches have complementary strengths: SHAP is grounded
in game-theoretic Shapley values and provides consistent, glob-
ally fair attributions, whereas LIME builds simple local sur-
rogate models to explain individual predictions quickly [14].
Both have seen widespread adoption in other domains of sci-
ence and engineering, yet their use in electrochemical energy
systems remains limited. The central question motivating this
work is: How can we apply LIME and SHAP to interpret ma-
chine learning models trained on DRT-based EIS features for
battery state-of-health estimation?

By answering this, we aim to uncover which impedance-
derived features most strongly influence the SOH predictions
across different models. Addressing this problem will fill a
knowledge gap between black-box accuracy and electrochem-
ical interpretability of data-driven battery diagnostics are not
only precise but also explainable and scientifically insightful.

1.2. Contributions

In this paper, we present an interpretability-focused study on
battery health modeling that makes the following contributions:

e Comparative modeling: Five different ML models for
lithium-ion battery SOH prediction using features derived
from EIS DRT analysis are developed. This provides a com-
prehensive view of how various modeling techniques per-
form using the same input features.

o Application of XAI Tools: Two model-agnostic XAI meth-
ods are applied to each trained model to explain their predic-
tions. To our knowledge, this is one of the first studies exam-
ining LIME and SHAP side-by-side in the context of battery
impedance feature analysis. By generating local explana-
tions (LIME) and global feature importance values (SHAP),
we interpret the influence of each DRT-derived feature on
the SOH estimates of the model.

e Cross-model insight consistency: The consistency of the
identified important features across different models and ex-
planation techniques is validated. If certain DRT features
are consistently highlighted by multiple models and XAI
methods, it strengthens confidence in their physical signifi-
cance. This cross-check enhances the robustness of our inter-
pretations.

e Visual and practical interpretations: Intuitive visualizations
of the model explanations are generated by local surrogate
models for specific battery samples. These visuals demon-

strate how explainable ML output can be used by battery
engineers to gain real-world insights. The study findings and
figures offer a blueprint for incorporating interpretable ML
into battery management systems, ultimately enhancing their
transparency and trustworthiness for practitioners in Fig. 1.

e By combining accurate SOH prediction with explainability,
our work aims to deepen understanding of the relationships
between EIS-derived features and battery health. We hope
this contributes to both the data-driven battery diagnostics
literature and the broader adoption of XAl in energy storage
applications.

2. RELATED WORKS
2.1. Battery diagnostics via EIS

Electrochemical impedance spectroscopy has long been a cor-
nerstone technique for battery diagnostics, and recent literature
has affirmed its value for state-of-health analysis [15]. EIS pro-
vides a frequency-domain “fingerprint” of the battery, reflecting
processes from charge transfer to diffusion, and is highly sensi-
tive to degradation-induced changes. However, interpreting raw
Nyquist plots or Bode spectra can be nontrivial — the measured
impedance is a superposition of all electrochemical processes,
making it difficult to isolate individual aging phenomena [16].
To address this, researchers have increasingly turned to the dis-
tribution of relaxation times analysis to extract more meaningful
features. DRT effectively deconvolutes the impedance spectrum
into a distribution of time constants, yielding distinct peaks that
correspond to different electrochemical processes. By quantify-
ing characteristics of each peak, one can obtain a set of descrip-
tive features: for instance, the area under a DRT peak correlates
with the polarization resistance of that process, while the peak
center time constant indicates the characteristic timescale of the
process. These DRT-derived features have proven insightful for
battery health evaluation. Recent works demonstrate that as bat-
teries age, specific DRT peaks evolve in predictable ways — for
example, growth in the high-frequency peak area (attributed to
SEI film resistance) or shifts in mid-frequency peaks (related
to charge-transfer kinetics) can serve as indicators of capacity
fade?. Zhang et al. (2022) leveraged such features in a Gaus-
sian process regression model to accurately estimate SOH from
EIS data, resulting in an error under 2% [5]. Similarly, Zhao
et al. (2024) applied an autoencoder to compress DRT spectra
and used a neural network for SOH prediction, highlighting the
efficacy of DRT-based feature engineering [17]. These studies
underscore a broader trend called electrochemical impedance
spectroscopy. By extracting peak metrics, one can track internal
changes without relying on potentially ambiguous equivalent-
circuit fits. In summary, DRT has emerged as a valuable tool
to derive physically meaningful features from impedance data,
and these features have been increasingly employed to assess
battery state-of-health and even internal states like tempera-
ture [18]. The success of DRT in recent literature provides a
strong foundation for our work, which uses DRT features as
inputs to machine learning models and then seeks to interpret
those model behaviors.
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Fig. 1. Flowchart of the proposed SOH estimation methods with DRT

2.2. Machine learning in battery health estimation

Data-driven approaches for battery state-of-health estimation
have rapidly advanced over the past five years, spurred by the
availability of aging datasets and improved algorithms [19].
Numerous machine learning models have been explored to pre-
dict battery capacity, resistance growth, or remaining useful life
based on measurable inputs (impedance spectra, cycling data,
etc.) [20]. Traditional regression techniques like support vector
regression (SVR) and relevance vector machines have shown
decent performance on smaller datasets, especially when com-
bined with feature selection or optimization heuristics to tune
hyperparameters [21]. For instance, Li et al. used an SVR with
an optimized kernel to estimate SOH to within 0.5% mean er-
ror, illustrating that even relatively simple models can achieve
high accuracy given informative features [10]. Ensemble tree-
based models have also gained popularity. Gradient boosting
machines such as XGBoost are applied to capture nonlinear
aging patterns; in one study, an ensemble of XGBoost models
was able to forecast capacity under varied usage profiles with
only ~ 8% error, even without historical data for the cell [22].
Random forest regressors, known for their robustness and in-
terpretability, have likewise been used for online battery health
monitoring. They demonstrated that random forest models could
estimate Li-ion capacity in real time from diagnostic data [23],

Bull. Pol. Acad. Sci. Tech. Sci., vol. 73, no. 5, p. 155033, 2025

and more recently Wang et al. (2023) proposed an optimized RF
with Bayesian hyperparameter tuning to improve prognostics of
capacity fade [24]. Beyond these, deep learning models have
achieved state-of-the-art performance on large datasets: con-
volutional neural networks, recurrent (LSTM) networks, and
even physics-informed neural nets have been trained on voltage
curves or impedance spectra to predict SOH and remaining life
[25]. While these complex models often yield excellent accu-
racy, they typically require abundant data and, as noted, suffer
from a lack of transparency. It is worth noting that most prior
studies focus on one particular modeling approach and optimize
it, with relatively few works providing a systematic comparison
across multiple algorithm types. Some exceptions are recent pa-
pers and benchmarking studies that compare, for example, neural
networks vs. ensemble methods vs. kernel methods on standard
aging datasets [26]. Sedlafik et al. presented a comparative study
of several ML techniques for battery SOH, including SVR, mul-
tivariate adaptive regression, concluding that ensemble methods
tended to outperform on certain datasets [27]. Nonetheless, the
literature lacks a unified assessment of how different models
handle the same feature set, particularly a feature set derived
from advanced diagnostics like EIS. Our work helps fill this gap
by evaluating five diverse ML models on identical DRT-based
inputs, thereby highlighting the relative strengths of each ap-
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proach. In doing so, we follow the trajectory of recent research
that calls for combining domain knowledge with data-driven al-
gorithms. The convergence of electrochemical diagnostics with
machine learning is proving to be a fruitful avenue: as one Nature
review notes, using richer input data like EIS can significantly
improve health prognostics when paired with statistical mod-
els [28]. Our study builds on this idea and further contributes by
making those statistical models explainable, as discussed next.

2.3. Explainable Al for scientific ML

The push for explainable Al in battery management is part of a
broader trend to bring transparency to complex models in engi-
neering. Two prominent model-agnostic explanation techniques
are LIME and SHAP, which we leverage in this work [29].
Local Interpretable Model-Agnostic Explanations (LIME) gen-
erates explanations for individual predictions by fitting a simple
surrogate (such as a linear model) in the vicinity of the data point
of interest. Essentially, LIME perturbs the input features around
a given battery sample and learns a local linear approximation
of the black-box model, from which it derives feature impor-
tance for that particular prediction. This approach is intuitive
and fast, but it has some instability — different perturbations
can yield slightly different local explanations, and it lacks a
strong theoretical guarantee of consistency?. SHapley Additive
exPlanations (SHAP), on the other hand, rely on game-theoretic
Shapley values to attribute each feature a contribution value for
a given prediction. SHAP considers all possible combinations
of features and allocates credit in a manner that is fair and math-
ematically rigorous, ensuring that the sum of attributions equals
the difference between the prediction and the dataset baseline.
In practice, SHAP is often more computationally intensive than
LIME, but it provides more globally consistent feature rank-
ings and comes with desirable properties like additivity and
consistency. A recent survey on XAl for energy systems found
that SHAP offers high trustworthiness in explanations, whereas
LIME offers faster, more ad-hoc insights with lower computa-
tional cost [30]. In other words, SHAP tends to be preferred
when stability and accuracy of the explanation are paramount,
while LIME can be useful for quick, instance-specific interpre-
tations. By employing both, our study captures this trade-off in
the context of battery health models.

Within the energy and battery community, the application of
XAl techniques is only beginning to emerge. A few notable prior
works have demonstrated the value of explainable models in this
domain. Njoku et al. (2024) introduced explainability into bat-
tery digital twin models by using SHAP and LIME to interpret
deep neural network predictions for state-of-charge and SOH
estimation [31]. Their results showed that incorporating XAI
helped identify which input factors most strongly influenced
the model output, thereby increasing trust in recommendations
made by the digital twin. In the realm of impedance-based health
diagnostics, Fu et al. (2024) presented an interpretable ML ap-
proach for rapid SOH estimation using partial EIS spectra. They
employed SHAP to explain the contribution of each impedance
feature to the model capacity prediction, which not only en-
hanced transparency but also helped validate that the model
was learning physically meaningful trends [32]. For example,

SHAP analysis in their work revealed that certain mid-frequency
impedance magnitudes had the highest impact on capacity es-
timation, aligning with known aging effects on charge-transfer
resistance. These studies highlight that XAI methods like SHAP
and LIME can successfully be brought into battery research,
yielding insights that might be missed by pure black-box mod-
eling. Nonetheless, XAl is far from mainstream in battery di-
agnostics. Our contribution is distinct in that we perform a sys-
tematic, comparative analysis of two XAI tools across multiple
model types on a common dataset of DRT features. By doing so,
we aim to illuminate general patterns as well as model-specific
idiosyncrasies (e.g., how the focus of a neural network might dif-
fer from that of a random forest). In summary, our related work
review underscores the novelty and importance of uniting ex-
plainable AI with battery impedance modeling: it builds on the
strengths of prior battery EIS studies and XAl techniques, while
addressing their respective gaps (uninterpreted models in the for-
mer, and limited battery case studies in the latter). The following
sections will detail our methodology and findings in this context.

3. DATASET AND FEATURE ENGINEERING
3.1. Machine learning in battery health estimation

The dataset for this study consists of more than 1200 electro-
chemical impedance spectroscopy (EIS) spectra collected from
lithium-ion battery cells with a lithium cobalt oxide cathode
chemistry. Each spectrum corresponds to a unique combination
of battery state-of-charge (SOC) and internal temperature. The
measurements span the full range of SOC from 0% (fully dis-
charged) to 100% (fully charged), and cover a broad temperature
range from 10°C to 60°C. This extensive sampling ensures that
the data captures the battery impedance behavior under vari-
ous operational conditions. Each EIS measurement is labeled
with the known internal temperature of the cell at the time of
testing (the target variable for prediction) along with the SOC,
providing a supervised learning dataset [33]. The large num-
ber of spectra and the wide coverage of SOC-temperature space
help the models distinguish temperature-dependent impedance
changes from those caused by SOC, thereby supporting robust
model training.

All EIS measurements were performed on LCO cells under
controlled laboratory conditions to maintain data consistency.
In each case, the cell was allowed to equilibrate at the desired
temperature before impedance measurement. The impedance
spectra were typically collected over a frequency range broad
enough to capture processes from high-frequency electrode dy-
namics to low-frequency diffusion. A small AC perturbation
(5-10 mV amplitude) was applied at each frequency to obtain
the impedance response. The resulting spectra, consisting of the
real (Z') and imaginary (Z"") parts of impedance as functions of
frequency, form the raw data for subsequent feature extraction.
By design, the dataset includes measurements from multiple
cells and repeated tests at various aging states, to ensure that
the models generalize across cell-to-cell variations and slight
differences in impedance due to cell history [34]. This diverse
dataset forms the foundation for developing a reliable internal
temperature estimation model.

Bull. Pol. Acad. Sci. Tech. Sci., vol. 73, no. 5, p. €155033, 2025
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3.2. Feature extraction

To leverage the rich information in the EIS spectra, we em-
ployed Distribution of Relaxation Times (DRT) analysis to
extract meaningful features. The DRT is a model-free repre-
sentation of impedance data that reveals distinct electrochem-
ical processes as peaks in the time-domain spectrum? [35]. In
essence, the complex impedance spectrum is transformed from
the frequency domain to a distribution over characteristic re-
laxation time. We computed the DRT for each measured spec-
trum by solving the inverse integral relationship between the
frequency-dependent impedance and the relaxation time distri-
bution. Specifically, we utilized the imaginary component of
the impedance (Z" as a function of frequency) as input to the
inversion algorithm, since Z” is directly related to the energy
storage and dissipation processes that manifest in the DRT. The
continuous relaxation time spectrum was discretized into a fine
grid of 7 values (logarithmically spaced over several decades,
covering the range of processes from fastest to slowest in the
measured frequency window). Then, Tikhonov regularization
solved the resulting ill-posed inverse problem, which balances
fidelity to the measured data with smoothness of the DRT so-
Iution [36]. Regularization helps suppress noise and prevents
overfitting, yielding a stable DRT profile for each EIS spectrum.
An L-curve criterion was used to select an optimal regulariza-
tion parameter, ensuring an appropriate trade-off between solu-
tion smoothness and accuracy. The outcome of this process is a
smooth DRT curve for every impedance spectrum, where indi-
vidual peaks correspond to different electrochemical processes
occurring within the cell.

From each DRT curve, we engineered features by quantifying
the area under specific DRT peaks. In the LCO cell spectra, up
to four prominent DRT peaks were consistently observed, which
we label Al through A4 in order of decreasing relaxation time
(from slowest process Al to fastest process A4). For each peak,
we computed the integrated area under the DRT curve in a de-
fined 7 range around that peak, yielding four features: A1_area,
A2_area, A3_area, and A4_area. These features represent the
magnitudes of distinct electrochemical processes:

e Al_area: Area of low-frequency peak, attributed to
diffusion-related processes. This captures phenomena such
as solid-state diffusion of Li? in the electrode mate-
rials or Warburg-type diffusion impedance at the elec-
trolyte/electrode interface. Being a slow process (large 7),
Al appears at the high end of the time scale.

e A2_area: Area of the mid-frequency peak, associated with
the charge transfer resistance. This feature corresponds to
the kinetics of the lithium-ion intercalation/deintercalation
reaction at the electrode interfaces. The A2 peak reflects the
charge-transfer process, and its area quantifies the extent of
this polarization resistance.

e A3_area: Area of an intermediate-to-high frequency peak,
linked to the solid-electrolyte interphase layer impedance.
The SEI layer forms on the anode (graphite) and contributes
a resistive component that shows up as a distinct relax-
ation process. Notably, the SEI resistive impedance tends to
decrease at higher temperatures due to improved ionic con-
ductivity in the SEI and accelerated charge transfer across it.

Bull. Pol. Acad. Sci. Tech. Sci., vol. 73, no. 5, p. 155033, 2025

Thus, A3_area varies significantly with temperature, mak-
ing it a key indicator of the internal thermal state of the cell.
This aligns with the literature showing that a DRT peak cor-
responding to the SEI can be identified and distinguished
from the charge-transfer process in Li-ion cells.

e A4_area: Area of the high-frequency peak, representing
ohmic resistance and contact-related processes. This fea-
ture encompasses the fastest processes in the cell, including
the bulk electrolyte resistance, electronic contact resistances
at current collectors, and possibly inductive elements of the
measurement setup. A4 is generally associated with the near-
instantaneous response at high frequencies and is largely
independent of SOC, though it can be mildly affected by
temperature.

Each area feature (A 1-A4) was obtained by integrating the DRT
over a fixed 7 interval corresponding to that process peak. The
integration bounds for each peak were chosen consistently across
all samples to ensure the features are comparable between spec-
tra. By condensing each full impedance spectrum into these
four scalar features, we capture the essential information about
diffusion, charge transfer, SEI impedance, and ohmic/contact
resistance. The feature engineering step dramatically reduces
the input dimensionality for the machine learning models while
preserving the electrochemically relevant variation caused by
temperature and SOC. The focus on physically meaningful fea-
tures also aids interpretability, as changes in the predicted tem-
perature can be traced back to specific impedance processes.

4. MATERIALS AND METHODS

4.1. Machine learning in battery health estimation

We formulated the internal temperature estimation as a super-
vised regression problem, using the DRT-derived features as
inputs and the internal cell temperature as the output. Five dif-
ferent regression algorithms were implemented and evaluated
to map the impedance features to temperature:

Linear regression: A simple linear model that attempts to fit
a linear combination of the four features to predict temperature.
This model provides a baseline and insight into linear correla-
tions, with coefficients indicating the influence of each feature
on the temperature prediction.

Support vector regression (SVR): A support vector machine-
based regression approach that can capture non-linear relation-
ships via kernel functions. We used an SVR with a radial basis
function (RBF) kernel, which finds a nonlinear function of the
features that best predicts temperature while maximizing the
margin of error tolerance. Key hyperparameters (such as the
regularization parameter C and the kernel width y) were tuned
via cross-validation to balance bias and variance.

k-nearest neighbors (kKNN) regression: A non-parametric
model that predicts the temperature of a new sample by av-
eraging the temperatures of its k nearest neighbors in the feature
space. We tested kNN with a moderate value of k to smooth out
noise while retaining locality. This method can model complex
relationships by local interpolation of the training data, though
it may struggle in high-dimensional spaces with sparse data.
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Random forest regression: An ensemble learning method
based on bootstrap-aggregated decision trees. We constructed a
random forest with numerous decision trees, with each trained
on a bootstrapped subset of the data. Each tree produces a tem-
perature prediction, and the forest output is the average of these
predictions. Random forests can capture nonlinear dependen-
cies and feature interactions effectively and tend to be robust
against overfitting due to averaging. We also gain an estimate of
feature importance from the trained forest (based on reduction
in prediction error or impurity when splitting on each feature).

Gradient boosting regression: A boosted ensemble of shallow
trees, where trees are added sequentially to correct the errors of
the prior ensemble. We employed a gradient boosting algorithm
with appropriate regularization and a learning rate to prevent
overfitting. Over several boosting rounds, the model gradually
improves its temperature predictions by focusing on difficult-to-
predict samples. Gradient boosting often achieves high accuracy
by combining many weak learners, and it inherently provides
feature importance metrics similar to random forest.

All models were implemented in Python using the scikit-learn
library. Hyperparameters for each model were selected based on
preliminary experiments and five-fold cross-validation perfor-
mance. By comparing these diverse algorithms — from simple
linear to complex nonlinear ensemble methods — we aimed to
identify a model that provides both high accuracy and inter-
pretability in predicting internal temperature from impedance
features.

To gain a holistic view of how the four DRT-derived features
jointly structure the dataset — and how that relates to SOH —
we applied PCA and projected all samples into the first two
principal components, which together explain about 92.7% of
the total variance (PC1: 76.2%, PC2: 16.5%). PC1 is domi-
nated by the A3_area (SEI impedance) and, to a lesser extent,
A2_area (charge-transfer resistance), while PC2 captures vari-
ation in Al_area (diffusion) and A4_area (ohmic resistance).
When colored by true SOH (Fig. 2), a clear gradient emerges
along PC1: cells with higher SOH cluster on the positive side
of the axis, whereas more degraded cells lie toward the negative
side. A few outliers appear distant from the main cloud, sug-
gesting either measurement anomalies or atypical degradation
pathways worthy of further examination. This two-dimensional

PCA Projection of DRT Features

PCA map confirms that A3_area is the primary driver of health
separation in feature space and demonstrates that even a reduced
representation can effectively distinguish cells by their state of
health.

4.2. Explainability framework

In addition to evaluating predictive performance, we applied
model-agnostic explainability techniques to interpret how each
model uses the impedance features to estimate temperature. Two
complementary explanation methods were used: SHAP for over-
all and local feature attribution, and LIME for instance-specific
interpretations.

SHAP (SHapley Additive exPlanations): We leveraged SHAP
to quantify the contribution of each feature to the model’s pre-
dictions. SHAP is a post-hoc interpretive tool based on game-
theoretic Shapley values, which fairly attributes the prediction
among all input features [37]. Using the SHAP library, we com-
puted Shapley values for our regression models, both globally
and for individual predictions. The global interpretation was
obtained by averaging the absolute Shapley values of each fea-
ture over the entire test set, indicating which features have the
most influence on predicted temperature overall. This global
SHAP analysis produces a ranked feature importance. For local
interpretation, SHAP values were computed for specific test in-
stances, showing how each feature pushed the model prediction
higher or lower relative to the average. SHAP summary plots
and dependence plots were generated to visualize these effects,
using the provided visualization tools in the SHAP package?.
These plots help validate that the model behavior aligns with
physical intuition.

LIME (Local Interpretable Model-Agnostic Explanations):
We also employed LIME to obtain interpretable surrogate mod-
els for individual predictions. LIME was introduced by Ribeiro
et al. (2016) as a technique to explain a single prediction by
approximating the model locally with a simple model [38]. For
a given test instance, LIME perturbs the input features slightly
around that instance and fits a small linear model to the model
predictions on these perturbed samples. The result is a local lin-
ear approximation that highlights which features most strongly
influence the prediction for that specific data point. In our frame-
work, we used LIME to explain the temperature prediction for
particular test cases by producing a weight for each feature that
indicates its local effect. This allows us to verify, for example,
that if a model predicts a high temperature for a given spectrum,

o LIME can confirm whether it was due to a low A3_area or some

1o e combination of features. The LIME explanations serve as a san-

L “xe x X x o0 ity check on individual predictions and complement the SHAP

g ° * x x xx;* X o analysis by offering an independent interpretability approach.

5 XX X X . . . o :

g x = X X ux : To ensure consistency in our interpretability analysis, we ran-
s o o % s S SRRV S x 5 . . .

c % o B A SNIE P % domly selected a representative test instance and used it as a case

2 x« T - MR I o study across all models and methods. By fixing one specific EIS

R ot XX N B sample for local explanations, we could directly compare how

o “ % & different models make use of the features for the same input.

. § - Both SHAP and LIME were applied to this chosen instance

=20 -10 o] 10 20
Principal Component 1

Fig. 2. Predicted SOH explanations of features

for each of the five models, allowing side-by-side comparison
of feature attributions. This consistent approach avoids cherry-
picking favorable examples and demonstrates the reliability of

Bull. Pol. Acad. Sci. Tech. Sci., vol. 73, no. 5, p. €155033, 2025



N

www.czasopisma.pan.pl P N www.journals.pan.pl

.

Interpretable machine learning for battery health insights: A LIME and SHAP-based study on EIS-derived features

the explanations: if a particular feature is truly important for
temperature estimation, we expect to see that reflected across
SHAP and LIME explanations of multiple models for this test
case. All interpretability computations were performed using
open-source libraries, and the results were visualized with Mat-
plotlib and Seaborn to produce clear, publication-quality figures
illustrating feature impacts.

4.3. Evaluation metrics

We used two primary metrics to evaluate the performance of the
regression model: mean absolute error (MAE) and the coeffi-
cient of determination (R?). MAE is defined as the average of
the absolute errors between the predicted temperature and the
true temperature. Formally

1< A
MAE= =3 |y =9l (1)
i=1

where N is the number of test samples. MAE has the advantage
of being in the same units as the target, which makes it an
intuitive measure of prediction. R> (R-squared) measures the
proportion of variance in the target explained by the model. It is

computed as
n

o 2
D i -3
i=1
n b

Z (v -5)°

i=1

R*=1- )

and is the mean true temperature. An R” of 1 indicates a perfect
fit, while an R? of 0 indicates that the model is no better than
predicting the mean, and negative values indicate worse-than-
mean predictions. In the context of our application, a high R?
(close to 1) and a low MAE are desired, indicating the model can
accurately capture temperature variations from the impedance
features.

Model performance was assessed using a five-fold cross-
validation procedure to ensure robust estimates of these met-
rics. The entire dataset was partitioned into five folds of roughly
equal size; in each iteration, four folds were used to train the
model, and the remaining fold was used as a validation set to
compute MAE and R?. This process was repeated five times so
that each fold served as the validation set once, and the results
were averaged across the folds. By using cross-validation, we
mitigated the risk of overfitting to a single train-test split and
obtained a more reliable measure of how the models generalize
to unseen data. We report the mean and standard deviation of
the MAE and R? from the cross-validation runs for each model,
which provides insight into both the accuracy and consistency
of performance.

Finally, we employed various visualization techniques to an-
alyze and compare the model outputs. Parity plots and error dis-
tribution histograms were created with Matplotlib and Seaborn
to illustrate the model accuracy and bias characteristics. Feature
importance plots from the random forest and gradient boosting
models were generated to cross-check against the SHAP global
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explanations. Additionally, SHAP summary plots were used to
visualize the distribution of Shapley values for each feature
across the dataset, offering a nuanced view of how each feature
influences the prediction. These visualizations, combined with
the quantitative metrics, provide a comprehensive evaluation of
model performance and interpretability, ensuring that the cho-
sen model is not only accurate in estimating internal battery
temperature but also transparent in its decision-making process.

5. RESULTS AND DISCUSSION

All five machine learning models demonstrated outstanding pre-
dictive performance on the EIS dataset. Table 1 provides a sum-
mary of the cross-validated mean absolute error (MAE) and the
coeflicient of determination for each model. In every case, the
error values are very low, while the R* scores approach their
maximum possible value. In fact, most of the models exhibited
nearly perfect R> scores, meaning they can explain almost all
of the variance in the test data. Although the support vector
regression model showed the largest error among the group, its
performance still reflects an excellent fit. Notably, the simplest
model, linear regression, achieved an almost ideal R? and an
essentially negligible MAE on the cross-validation folds, indi-
cating an almost perfect fit. While such flawless performance
suggests that the selected features are highly predictive, it also
warrants cautious interpretation. This level of precision might
hint at possible overfitting or the presence of a data artifact,
as real experimental data rarely follows an exact linear rela-
tionship in the presence of noise. However, since these metrics
were obtained through cross-validation on independent data, the
exemplary performance likely indicates that the underlying re-
lationship between the DRT features and the target is inherently
very linear and is well captured by the models. Overall, there is
no sign of underfitting among the models; from the simplest to
the most complex, each one accurately captured the behavior of
the target. The consistently minimal errors and almost perfect
R? values reinforce that the impedance-derived features contain
enough information to reliably predict the internal state with
remarkable precision.

Table 1
Cross-validated model performance metrics
Model MAE R? (%)
Random forest 0.02802 99.99%
Linear regression 0.00684 99.99%
Support vector regression 0.08451 99.92%
k-nearest neighbors 0.04744 99.99%
Gradient boosting 0.03821 99.99%

To investigate local feature importance, we applied LIME
to predictions for each model on a set of ten representative
test samples. An average feature influence bar chart provides an
overview of which DRT-derived features most strongly drive the
state-of-health predictions. In this summary visualization, each
bar represents the mean absolute contribution of a given feature
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to the prediction across the sampled instances. The LIME re-
sults reveal clear commonalities: A3_area consistently emerges
as a dominant feature for all five models, and A2_area is also
repeatedly influential as the second-ranked contributor in many
cases. This suggests that the impedance characteristics associ-
ated with the SEI layer and the charge-transfer process are key
drivers of SOH estimates of the models, largely independent of
the specific regression algorithm used.

In detail, the A3_area feature shows the highest average con-
tribution magnitude in the LIME explanations for nearly every
model in Fig. 3. For example, both ensemble tree models (ran-
dom forest and XGBoost) assign A3_area the largest positive
or negative weight when explaining their predictions, indicating
that variations in A3_area heavily sway the predicted capac-
ity. The linear regression model likewise attributes a substantial
portion of its prediction error reduction to A3_area, reflecting
the strong linear correlation between SEI impedance growth
and capacity fading. A2_area, representing the mid-frequency
charge-transfer resistance, is the next most impactful feature in
LIME profiles of most models. It consistently appears with the
second-highest average contribution, implying that changes in
charge-transfer kinetics also significantly inform the SOH pre-
diction. The A1_area feature plays a noticeable but more modest
role: LIME shows that while A1_area does influence predictions
in Table 2, its average contribution is generally lower than that

Table 2
LIME feature contributions

Model Feature Contribution
Random forest A3_area > 23.38 —13.574778
Random forest A4_area > 5.53 —-0.124419
Random forest A2_area > 5.14 0.080164
Random forest Al_area > 591 —-0.011470
Linear regression A3_area >23.38 | —13.663484
Linear regression Al_area > 591 —-0.634071
Linear regression A2 _area>5.14 -0.129779
Linear regression A4_area > 5.53 -0.030159
Support vector regression | A3_area > 23.38 | —12.449084
Support vector regression | A4_area > 5.53 —-1.053474
Support vector regression | Al_area > 5.91 —0.529485
Support vector regression | A2_area > 5.14 —-0.104794
k-nearest neighbors A3_area >23.38 | —13.358169
k-nearest neighbors Al_area > 5.91 —0.283830
k-nearest neighbors A4_area > 5.53 -0.257477
k-nearest neighbors A2_area > 5.14 0.025617
Gradient boosting A3_area >23.38 | —13.798593
Gradient boosting Al _area > 5091 -0.162750
Gradient boosting A4_area > 5.53 0.040413
Gradient boosting A2 _area>5.14 0.006618

of A3 _area and A2_area. In contrast, the A4_area feature is
rarely highlighted by LIME. This indicates that variations in
pure ohmic resistance contribute minimally to the predictive
models, aligning with expectations since internal contact resis-
tance of a cell tends to change little with aging compared to SEI
growth or charge-transfer resistance increases. While the iden-
tity of the top features is largely consistent across models, there
is some variance in how strongly each model emphasizes them.
The tree-based models (random forest and XGBoost) show very
similar LIME attribution patterns, with A3_area being not only
important but also contributing to a very consistent magnitude
across the different test samples. The linear regression model
also highlights A3_area as the most important feature; however,
being a globally linear model, it distributes moderate weight
to the other features as well, resulting in a slightly more even
spread in the LIME average chart in Fig. 4.

negative

12.22 < A3 area<=...
0.43

Feature Value

A3 area 16.88
4.67 <A2 area<=5.14

0.42
3.33 <A4 area <=5.53 A4_area 5.04
025 Al area 5.77
0.48 <Al area<=5.84

0.07

Predicted value
69.82 | | 97.46
(min) 90.44 (max)

Fig. 3. Predicted SOH explanations of features

The SVR and NN models exhibit the greatest variability in
feature attribution from sample to sample. For instance, in some
test instances, the SVR local surrogate gave a relatively larger
weight to Al_area or A2_area if the SEI feature value for that
instance was near the average and not as distinguishing, whereas
in other instances with an extreme A3_area value, the SVR ex-
planation shifted back to focus on A3_area. Similarly, LIME
explanations of the kNN model can fluctuate depending on the
local neighborhood of the query point, causing kNN to differen-
tiate based on another feature like A2_area, and thus LIME for
that sample would elevate A2_area importance. Despite these
case-by-case shifts, when averaged over multiple samples, the
overall trend remains: all models consider A3_area a principal
factor, with A2_area typically next, and other features trailing.
The consistency of LIME-identified key features across these
very different modeling techniques provides an initial confir-
mation that certain impedance features universally underpin the
SOH predictions.

The SVR and kNN models exhibit the greatest variability
in feature attribution from sample to sample. For instance, in
some test instances, the SVR local surrogate gave a relatively
larger weight to Al_area or A2_area if the SEI feature value
of the instance was near the average and not as distinguishing,
whereas in other instances with an extreme A3_area value, the
SVR explanation shifted back to focus on A3_area. Similarly, the
LIME explanations of the K NN model can fluctuate depending
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consider A3_area a principal factor, with A2_area typically next, 5 ares £ E
and other features trailing. The consistency of LIME-identified -
key features across these very different modeling techniques T R o - ; : Low
provides an initial confirmation that certain impedance features SHAP value (impact on model output)
universally underpin the SOH predictions. Hiah
To give a concise, global view alongside our LIME results,
we used SHAP to measure how each feature shifts a model pre-  A3.area * & - Totdeetaded a . e
diction from its average. Figure 5 shows the SHAP values for A4 area . % E
one test battery across all five models. In every case, A3_area oA
has the largest negative effect on predicted SOH (see Table 3), ~ Al-area 2 5
matching what we saw with LIME. A high A3_area — tied to A2 area -
SEl-layer impedance — drives the models to lower their health -
estimate. A2_area is usually the next strongest negative contrib- -20 -15 -10 -5 0 5

utor, reflecting charge-transfer resistance. Al_area has only a
small negative impact, and A4_area remains negligible. Overall,
SHAP confirms that SEI- and charge-transfer — related features
dominate the SOH predictions for this cell.

Beyond this single example, SHAP allows us to assess global
features, importance, and consistency. We generated SHAP
summary plots for the tree-based models to visualize feature
impacts across the entire test set. These plots in Fig. 5 display
the SHAP value distribution of each feature for all samples, giv-
ing a sense of both the magnitude of effect and the variation of
that effect with feature value. The global SHAP patterns rein-
force the conclusions drawn from LIME average contributions.
A3_area has the broadest spread of SHAP values among all fea-
tures, meaning changes in A3_area lead to the largest swings in
the predicted SOH overall. Points for A3_area are widely scat-
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SHAP value (impact on model output)

Fig. 5. SHAP values among all features

tered along the SHAP value axis, marking it as the top global
influencer. A2_area and A1_area show more moderate spreads.

The rank ordering of feature importance implied by these
global SHAP results closely matches the ordering from the
LIME analysis. This cross-technique agreement can be seen
by comparing the SHAP summary importance with the average
LIME weights. Both methods pinpoint A3_area as the principal
feature and A4_area as the least influential, with A2_area and
Al_area in between. Such alignment provides additional vali-
dation that the internal logic of the model is captured reliably
by the XAI tools. The SHAP interpretability results not only



Table 3
SHAP feature contributions
Model Feature SHAP value
Random forest Al_area -0.04457
Random forest A2_area —-0.03480
Random forest A3_area —7.29487
Random forest A4_area 0.31779
Linear regression Al_area —0.37402
Linear regression A2_area —-0.00072
Linear regression A3_area —6.94063
Linear regression A4_area 0.00008
Support vector regression Al_area —0.23402
Support vector regression A2_area —0.15384
Support vector regression A3_area —6.76919
Support vector regression A4_area -0.15110
k-nearest neighbors Al_area -0.23415
k-nearest neighbors A2_area -0.10446
k-nearest neighbors A3_area -6.97331
k-nearest neighbors A4_area -0.25784
Gradient boosting Al_area -0.07870
Gradient boosting A2_area 0.00028
Gradient boosting A3_area -7.07831
Gradient boosting A4_area 0.29345

corroborate the LIME findings but also give a deeper view into
the consistency of feature effects, indicating that while A3_area
universally dominates, the roles of Al_area and A2_area can
vary in magnitude across individual predictions and models.
Notably, models with more complex nonlinear structures still
end up attributing a similar importance hierarchy as simpler
models, which speaks to an underlying data-driven truth: certain
electrochemical features are fundamentally more informative of
SOH than others, regardless of modeling nuances.

6. CONCLUSIONS

In summary, this work presents a comparative study of multi-
ple machine learning models for battery health estimation using
features derived from EIS DRT analysis, with a strong focus
on interpretability through LIME and SHAP. We found that,
although the predictive accuracy of the models varied, there
was a remarkable consensus on the importance of the input fea-
tures. All models independently converged on A3_area as the
dominant predictive feature driving their SOH estimates. This
agreement across diverse models and both local (LIME) and
global (SHAP) explanation tools adds confidence that A3_area
is not only a statistically significant predictor but also a physi-
cally meaningful one. In practice, such consistency suggests that
A3_area captures a key aspect of battery state that any effective
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model must leverage. The fact that simpler models and complex
models alike highlight the same feature means stakeholders can
focus attention on that aspect of the impedance of a battery with
greater certainty.

Beyond identifying the most important feature, our dual use
of LIME and SHAP proved invaluable for model transparency.
Each method provided a different lens on the problem. SHAP
offered a global view of feature importance and how features
quantitatively impact the prediction on average, while LIME
delivered case-by-case explanations, verifying that those indi-
vidual predictions made sense in terms of the input features. For
instance, SHAP summary plots showed A3_area ranking high-
est overall, and LIME explanations on representative cells con-
firmed that when a model predicted an out-of-trend SOH, it was
indeed due to an extreme value of A3_area. This complementary
use of LIME and SHAP increases trust in the models: not only
can we quantify which features matter, but we can also explain
any single prediction in intuitive terms. Such transparency is
crucial for translating battery ML models from research to real-
world BMS deployments, where engineers and safety managers
must vet and understand model behavior before integration.

Ultimately, our study demonstrates that it is possible to attain
both high accuracy and high interpretability in battery health
prediction. While black-box models might achieve good perfor-
mance, they fall short in contexts where safety and account-
ability are paramount. Our approach offers a scalable path to-
ward interpretable BMS tools by showing that even complex
impedance-based predictions can be explained in human terms
without sacrificing performance. By leveraging EIS-derived fea-
tures like DRT peak areas and employing model-agnostic XAI
techniques, we pave the way for battery state estimation methods
that are not only smart but also understandable and trustworthy.
Such interpretable models can accelerate the adoption of Al in
battery systems, allowing operators of electric vehicles and en-
ergy storage systems to reap the benefits of advanced diagnostics
with confidence in the decisions made. In conclusion, the fusion
of EIS features engineering with LIME/SHAP explainability
presented here is a step forward in developing safer, more trans-
parent battery management strategies for the next generation of
energy storage technologies. Future work may involve testing
this methodology on real EV cell datasets with aging scenarios
such as calendar aging, fast charging, and temperature-induced
degradation.
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