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ABSTRACT

Electrochemical impedance spectroscopy (EIS) is highly sensitive to interfacial processes in solid-state batteries (SSBs) but can

be difficult to interpret in real time. Here we pair in situ EIS with machine learning (ML) to create a lightweight, interpretable

diagnostic framework. By encoding spectra into feature vectors and training tree-based multi-output regressors, we achieve

real-time predictions of state of charge and cycle index with R*> 0.99. Feature-importance analysis links dominant mid- and

low-frequency responses to cathode and anode degradation, respectively. Remarkably, retraining on only five key features

maintains sub-percent accuracy, enabling millisecond-scale, impedance-based monitoring suitable for embedded solid-state

battery management systems.

1 | Introduction

Electrochemical energy storage is entering an inflection point:
electrified transportation, renewables integration, and wide-
spread portable electronics demand batteries that are simulta-
neously safer, longer-lived, and more energy-dense. Solid-state
batteries (SSBs) promise a decisive step forward by replacing
flammable liquids with inorganic solid electrolytes and enabling
lithium-metal anodes [1-3]. Yet despite impressive progress in
materials chemistry and cell engineering, SSBs remain difficult
to monitor and control during operation. Interfaces dominate
transport and failure [4], mechanical and electrochemical cou-
plings evolve as a function of state of charge (SoC) [5], and the
all-solid architecture obscures internal processes. The net result
is a device that can look healthy by conventional voltage-
current metrics while quietly developing interfacial resistances,
voids, or contact loss that precipitate rapid capacity loss or short
circuits. What is missing are minimally invasive, information-
rich diagnostics that can operate continuously and translate
directly into actionable battery management.

Electrochemical impedance spectroscopy (EIS) has long been
the most sensitive probe of multi-scale battery physics [5, 6].
By perturbing a cell with a small sinusoid and recording the
frequency-dependent response, EIS separates processes by
timescale and reveals transport, interfacial charge transfer,
and polarization phenomena. In SSBs, where interfaces are
the main actors, EIS is uniquely powerful. The challenge is not
data generation but interpretation: Nyquist arcs overlap, Bode
features shift with cycling, equivalent-circuit selections are
subjective, and least-squares fits become fragile when interfacial
impedances dominate [6]. These realities have kept EIS largely
confined to static characterization and post-mortem analysis
rather than real-time control.

Here, we introduce a practical route to real-time, interpretable
diagnostics for SSBs by fusing in situ EIS with ML within
our proprietary software package, NEVORA (see Disclosure).
This framework automatically detects charge and discharge
cycles from raw in situ cycle data and transforms each imped-
ance spectrum into a compact, physics-aware feature vector
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associated with well-defined states of charge and virtual cycle
numbers. Multi-output regression models are then trained to
predict SoC and cycle number as a proxy for state of health
(SoH), while model interpretation techniques map these pre-
dictions back to physically meaningful interfacial and transport
processes. Crucially, the approach is designed to be robust
against the inherent ambiguity of equivalent-circuit fitting
while retaining interpretability—an essential requirement for
integration into battery management systems.

1.1 | Experimental Design and Physical Picture

Figure 1 summarizes the operating picture. We study sulfide-
based SSBs (LigPSsCl (LPSC) electrolyte, NMC-111 composite
cathode, Li/In anode; Supporting Information: Figure Sla,b)
cycled galvanostatically between 2.0 and 4.0 V while acquiring
potentiostatic EIS blocks at selected voltages.

In Figure 1, a representative Nyquist spectrum (panel a) reveals
multiple depressed semicircles and a low-frequency tail,
characteristic of distinct transport and interfacial processes.
The corresponding schematic (panel b) and equivalent circuit
(panel d) map these features onto bulk, grain-boundary, and
interfacial resistances (Ry-R3). The anode interface (panel c)
evolves dynamically with potential, where void formation at
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low voltages increases R;. Panel e outlines the in situ protocol
used to track spectral and fitted-parameter evolution with state
of charge and cycling.

The selected cell configuration (LigPSsCl electrolyte, NMC-111
composite cathode, and Li/In anode) was chosen as a repre-
sentative sulfide-based solid-state battery system in which in-
terfacial processes are known to dominate impedance behavior.
This architecture provides a well-defined platform for resolving
bulk and interfacial contributions, making it particularly suit-
able for validating impedance-based diagnostic frameworks
[7, 8]. Cells were operated under galvanostatic cycling between
2.0 and 4.0V at current densities of 0.05-0.25mA. These
conditions were selected to balance electrochemical stability
with sufficient sensitivity to interfacial evolution, allowing
measurable changes in impedance during cycling. The primary
objective of this study is not to optimize electrochemical
performance, but rather to establish a diagnostic framework
under controlled and reproducible conditions where impedance
evolution is physically interpretable.

The present study employs a full-cell configuration consisting of
a composite NMC cathode and a Li/In alloy anode. The Li/In
electrode provides a relatively stable and well-defined electro-
chemical potential, which simplifies interpretation of imped-
ance features compared to systems with highly dynamic lithium
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FIGURE 1 | Operating picture and equivalent-circuit framework. (a) Representative Nyquist plot with qualitative assignment of resistive

contributions Ry-R3. (b) Schematic cutaway of the SSB stack, indicating transport pathways and the locations of processes associated with each

R term. (c) Illustration of anode-side contact loss and void formation with potential dependency. (d) Equivalent circuit—series R, plus three parallel
R-CPE elements and a terminal CPE—used for physical interpretation. (e) Experimental schedule: EIS blocks acquired at selected voltages during

galvanostatic cycling.
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metal interfaces. While this configuration reduces some of the
complexity associated with fully symmetric or lithium-metal
full cells, the proposed framework is not limited to this specific
architecture. In general full-cell configurations, the impedance
response reflects coupled contributions from both electrodes,
increasing complexity but not precluding application of the
method. Because the present approach relies on feature-based
representations of the full impedance spectrum rather than
explicit separation of individual processes, it can be extended to
more complex full-cell systems, where the model learns map-
pings between spectral features and the global electrochemical
state. The framework is inherently adaptable across electrode
chemistries and cell architectures via feature adaptation and
calibration strategies.

1.2 | From Spectra to Features to State

The feature engineering strategy is guided by the principle of
capturing the geometry of the impedance response while main-
taining robustness and computational efficiency. Threshold-based
features (e.g., counts where |Z| or phase exceed predefined values)
provide coarse but highly stable descriptors of spectral shape.
Physically, these features approximate the extent of resistive or
capacitive dominance across frequency ranges and are particu-
larly sensitive to early-stage interfacial changes. Because they do
not rely on peak fitting or precise feature localization, they remain
robust under noise and spectral distortion. Extrema, characteristic
frequencies, and slopes encode transitions between electro-
chemical processes and reflect shifts in relaxation times associated
with degradation. These features retain direct physical meaning
while avoiding assumptions inherent to equivalent-circuit models.
Integrated quantities (e.g., areas under Nyquist or Bode curves)
act as global descriptors of impedance magnitude and energy
dissipation. However, these quantities are often correlated with
simpler descriptors such as extrema or low-frequency intercepts
and therefore contribute less uniquely to model performance.
This hybrid feature design intentionally combines low-cost
descriptors, physically interpretable quantities, and global geo-
metric summaries to ensure both robustness and interpretability.
In contrast to equivalent-circuit or DRT approaches, which seek
to decompose the impedance response into discrete processes, the
present feature design treats the spectrum as a continuous geo-
metric object, where physically meaningful descriptors capture its
shape, extent, and transitions without requiring unique process
separation.

For modeling, NEVORA uses two complementary, off-the-shelf
ensemble regressors in a multi-output configuration—Random
Forest (RF) and Gradient Boosting (GB)—to predict SoC (%)
and cycle number simultaneously from a single feature vector.
Tree ensembles are a natural choice: they capture non-linear
interactions, handle mixed-scale features without normaliza-
tion, and provide straightforward feature-importance measures
for interpretability [9]. Models are trained on a 70/30 split
of vectorized spectra; performance is quantified by R* and
mean absolute error (MAE). It is important to note that each
prediction is performed on a single impedance spectrum cor-
responding to a specific operating point. Although the data
are collected sequentially during cycling, the modeling task is
formulated as a pointwise regression problem rather than a
temporal sequence prediction. Consequently, models designed

for sequential data (e.g., recurrent neural networks such as
LSTM or GRU) do not provide a natural advantage in this
context. Given the moderate data set size and the structured,
tabular nature of the feature vectors, tree-based methods pro-
vide a favorable balance between predictive performance,
robustness, and interpretability.

1.3 | Performance and Interpretability

Figure 2 summarizes the quantitative performance and physical
interpretability of the machine-learning models. Figure 2a-d
shows predicted versus experimental values for the held-out test
set. Both GB and RF models exhibit near-ideal diagonal corre-
lations for cycle number and state of charge (SoC), with coef-
ficients of determination exceeding 0.99 and mean absolute
errors below 1% (Table 1). Deviations remain limited even at
low SoC and during early cycling stages, where interfacial
evolution is most pronounced.

These metrics indicate a high goodness-of-fit, comparable to the
quality criteria typically reported for equivalent-circuit modeling
of impedance spectra, confirming that the extracted impedance
features reliably capture the electrochemical state of the system.

Figure 2e presents the RF feature importances, highlighting the
dominant contribution of cell potential and selected phase-
angle components (e.g., Phase_21). This result is physically
meaningful: the phase response reflects the balance between
resistive and capacitive processes across frequency and is highly
sensitive to interfacial phenomena, while the cell potential
governs the interfacial state and space-charge configuration
[10]. The strong predictive performance therefore arises from
physically relevant descriptors rather than purely statistical
correlations, which together capture both the thermodynamic
state and the evolving interfacial processes within the cell.

1.4 | Linking ML Outputs to Equivalent-Circuit
Evolution

While NEVORA does not require circuit fitting, the spectra can
nevertheless be fitted to an equivalent circuit model (such as the
one illustrated in Figure 1d) to validate underlying physical
interpretation. Here, ECM fitting is used strictly as a qualitative
interpretive tool rather than a predictive framework, highlighting
the distinction between mechanistic interpretation and diagnostic
inference. This distinction is critical, as the proposed approach
avoids reliance on circuit parameterization for state estimation
while still leveraging ECMs to contextualize spectral evolution.

R, (cathode-electrolyte interface ~794 Hz) grows with cycling
and at high potentials, consistent with capacity fade; R; (anode
interface) increases sharply at low voltages where voids and
contact loss are likely; and R, and R; (bulk and grain boundary)
remain comparatively stable except for occasional artifacts,
which become more noticeable at high potentials. These trends
are evident in the systematic evolution of the Bode phase spectra
(Figure 4) and the corresponding qualitative changes in Nyquist
curvature (Figure 3a), indicating progressive modification of in-
terfacial processes during cycling and contributing to the capacity
fade observed in Supporting Information: Figure S2a,b. The
consistency of these spectral trends across the data set supports
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FIGURE 2 | Model performance and interpretability. (a) Predicted versus true cycle number (Gradient Boosting). (b) Predicted versus true state

of charge (SoC) (Gradient Boosting). (c) Predicted versus true cycle number (Random Forest). (d) Predicted versus true SoC (Random Forest).
(e) Random-Forest feature importances, highlighting dominant roles for potential and selected phase-angle features.

TABLE 1 | Performance metrics of machine-learning models the ML interpretation, whereby the most informative features are
trained on EIS-derived feature vectors for predicting the state of charge those that track the development of the interfacial arc.

(SoC) and cycle number. Both Random Forest and Gradient Boosting
regressors exhibit excellent predictive accuracy, with coefficients of
determination (R?> > 0.99) and mean absolute errors (MAE) below 1%,
confirming the strong correlation between impedance features and
solid-state battery state evolution. The Bode-phase evolution in Figure 4 encapsulates how
impedance carries state information. At fixed potentials (2, 3.1,

1.5 | A Closer Look at the Spectra

Model Target R? MAE
8 4V) across cycles, the mid-frequency phase peak (794 Hz)—
Random Forest SoC (%) 0.994 0.915 associated with a composite-cathode interfacial process—
Random Forest Cycle 0.991 0.881 systematically increases and shifts to lower frequency with
Gradient boosting SoC (%) 0.995 0.949 aging (up-arrows), while the low-frequency phase decreases
. . (down-arrows), signaling reduced capacitive storage or contact
Gradient boost Cycl 0.992 0.919
racient boosting yee at the anode side and the inverse at the cathode interface. When
4 0f9 Battery Energy, 2026
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FIGURE 3 | Representative electrochemical impedance spectroscopy (EIS) spectrum and model fit extracted at 3.2V during the third cycle.

(a) Nyquist plot (—Z;,, vs. Z,,) showing experimental data and equivalent-circuit fit, with labeled resistive components Ry-R; corresponding to bulk,
grain-boundary, and interfacial processes. (b) Bode magnitude plot and (c) Bode phase plot highlighting the main relaxation feature near 794 Hz,
attributed to the cathode—-electrolyte interface (R,). (d) Percentage residuals of the real and imaginary components confirm the quality of the model

fit, remaining within + 2% across the full frequency range.
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FIGURE 4 | Evolution of Bode-phase response with potential and cycle. (a) Phase-angle spectra across the full voltage window with a distinct

feature near ~794 Hz. (b-d) Phase-angle spectra at fixed potentials (2, 3.1, 4 V) colored by cycle index; mid-frequency peaks grow and shift to lower

frequency with aging (up-arrows), while low-frequency phase decreases (down-arrows), consistent with interfacial resistance growth and anode-side

contact loss.

aggregated across the full voltage window (Figure 4a), the dis-
tinct feature emerges near 794 Hz, again consistent with an
interfacial relaxation.

The shift of the mid-frequency peak toward lower frequencies
reflects an increase in the characteristic relaxation time of the
associated interfacial process. Physically, this behavior arises
from the growth of interfacial resistance during cycling, which
increases the RC time constant and slows the electrochemical
response. As degradation progresses, processes that initially
occur at higher frequencies therefore shift systematically
to lower frequencies, providing a direct spectral signature of
interfacial evolution.

In contrast, the low-frequency region exhibits a more complex
and non-monotonic evolution. This region reflects a superpo-
sition of multiple slow processes, including interfacial

capacitance, ion transport limitations, and electrode contact
effects. While some contributions—such as increasing inter-
facial resistance—tend to increase impedance, others—such as
redistribution of current pathways or changes in effective
capacitance—can reduce the apparent impedance. As a result,
the net low-frequency response does not follow a simple
monotonic trend with cycling and cannot be uniquely attributed
to a single physical process.

This interpretation is supported by the evolution of the R;
parameter (Figure 5), associated with the anode-electrolyte
interface. R; increases with cycling and at lower potentials,
indicating progressive interfacial degradation. However, the
absence of a direct one-to-one correspondence between R; and
the low-frequency spectral response highlights a key limitation
of equivalent-circuit analysis: a single circuit element cannot
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fully capture the coupled and evolving processes that dominate
this frequency range.

Figure 5 further illustrates these trends by showing the evolu-
tion of R; as a function of potential over the first four cycles,
based on 100 individual EIS spectra. A clear correlation is
observed between lower potentials and increased interfacial
resistance, together with a progressive rise in R; with continued
cycling. This confirms that interfacial degradation is strongly
potential-dependent and accumulates over repeated cycling.

Importantly, the present analysis focuses on early-cycle evolu-
tion, where impedance changes are most pronounced and
reproducible, and where equivalent-circuit parameters remain
physically interpretable. Extending this analysis to long-term
cycling becomes increasingly challenging due to the computa-
tional cost of fitting large numbers of spectra and the growing
non-uniqueness of equivalent-circuit representations as pro-
cesses overlap and evolve. In this context, the observed spectral
trends—particularly the systematic evolution of peak position
and magnitude—provide a more robust and direct descriptor of
interfacial dynamics.

Together, these results demonstrate that the geometry of the
impedance response itself encodes the relevant electrochemical
information, without requiring strict assignment to individual
circuit elements. This principle underpins the NEVORA
framework, which leverages feature-based representations of
the full spectrum to track interfacial evolution in a consistent
and model-independent manner.

1.6 | Distribution of Relaxation Times (DRT),
ECM, and Feature-Based Impedance Analysis

To further assess model-based impedance analysis under
operando conditions, we performed DRT analysis across the full
voltage window during the first cycle (Figure 6).

The normalized DRT heat maps (Figure 6a.c) reveal that the
impedance response evolves continuously with state of charge, with
both the number and position of relaxation processes changing

throughout cycling. During each half-cycle (2.0-4.0V, Figure 6a),
up to five distinguishable processes are observed when the SoC is
above 3.0V, whereas when the SoC is below 3.0V, the response
simplifies to approximately three dominant contributions. This
evolution indicates that the electrochemical system does not operate
as a fixed set of discrete processes, but rather as a dynamically
evolving distribution of relaxation times.

This behavior is further reflected in the equivalent-circuit models
derived from the DRT analysis (Figure 6b,d). At high state of
charge (>3.0V, Figure 6b), a circuit comprising five resistive
elements is required to capture the observed features, whereas at
lower potentials (<3.0V, Figure 6d), a reduced three-process
model is sufficient. The need to modify circuit topology as a
function of electrochemical state highlights a fundamental limi-
tation of equivalent-circuit modeling: the assumption of a fixed
number of independent processes is not strictly valid under op-
erando conditions. As processes emerge, merge, or shift in char-
acteristic timescale, parameter assignment becomes ambiguous
and model selection inherently non-unique.

DRT analysis alleviates the need to predefine circuit topology by
representing the impedance as a continuous distribution over
relaxation times. However, as shown in Figure 6e-g, the inter-
pretability of this distribution is itself state-dependent. Bayesian
DRT analysis reveals that confidence intervals associated with the
relaxation peaks vary significantly with potential. At low potential
(2.0V, Figure 6e), peaks are well-defined with narrow confidence
intervals, indicating robust separation of processes. At intermedi-
ate potential (3.1V, Figure 6f), partial overlap emerges, and
uncertainty increases. At high potential (4.0 V, Figure 6g), broad
confidence intervals indicate substantial ambiguity, reflecting
overlapping or poorly resolved processes. These results demon-
strate that while DRT provides a more flexible representation than
ECM, the identification and interpretation of individual processes
are not uniformly reliable across operating conditions.

In contrast, the NEVORA framework does not attempt to
decompose the impedance spectrum into discrete circuit ele-
ments or relaxation distributions. Instead, it treats the spectrum
as a high-dimensional object and extracts physically meaningful
descriptors that capture its global geometry. This approach
avoids assumptions regarding process count, separability, or
stability, enabling a consistent representation of the electro-
chemical state across all potentials and cycling conditions.
By learning direct mappings between spectral features and
electrochemical state, the model retains sensitivity to interfacial
evolution while remaining robust to the non-uniqueness inher-
ent in ECM and DRT representations.

Together, these results highlight a fundamental distinction in
impedance analysis approaches: ECM provides discrete but
topology-dependent representations; DRT provides continuous but
state-dependent and uncertainty-limited representations; and
feature-based methods such as NEVORA provide geometry-based
representations that remain consistent under operando conditions.

1.7 | Design Choices That Promote Robustness
Three aspects of the workflow are worth emphasizing:

1. Feature construction balances physics and pragmatism.
NEVORA includes simple counts (e.g, Nzs1000)
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FIGURE 6 |
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half-cycle (2.0-4.0 V). (b) Equivalent circuit model derived from DRT analysis at high state of charge (> 3.0 V), comprising five resistive processes.
(c) Normalized DRT heat map during the first discharge half-cycle (4.0-2.0 V). (d) Equivalent circuit model derived from DRT analysis at low state of
charge (< 3.0 V), reduced to three resistive processes. (e-g) Bayesian-DRT analysis at selected potentials: (e) 2.0V, (f) 3.1V, and (g) 4.0 V, showing the
evolution of confidence intervals associated with the DRT distribution. DRT, distribution of relaxation times; EIS, electrochemical impedance

spectroscopy.

alongside more refined integrals and extrema. The former
are surprisingly powerful for early fault detection and
require almost no computation; the latter support precise
SoC regression. This mix prevents over-reliance on any
single delicate quantity.

2. Context matters. Attaching the instantaneous voltage,
SoC/Cycle estimates from the galvanostatic record, and
the carried-in relative charge/discharge time to each EIS
block gives the model a time-aware prior.

3. Multi-output learning captures co-structure. Training
SoC and cycle number together encourages the model to
exploit shared dependencies in the features.

1.8 | From Laboratory Demonstration to
Embedded SSBMS

The immediate implication would be a path to on-board
diagnostics that can run on microcontrollers or edge devices.
The computational budget is lightweight: feature extraction is a
handful of arithmetic operations; inference with an RF or GB
model requires only tree traversals. However, the question
remained about how lightweight the measurement budget
could be and still produce exceptional results. Therefore, the
models were retrained with only the five top features deter-
mined from the Random Forest regressor (Potential, Phase_21,
Phase_13, Zmag 1, and Phase_44). Subsequently, the tested
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TABLE 2 | Performance of machine-learning models trained using
a reduced feature set comprising only the potential, Phase_21,
Phase_13, Zmag 1, and Phase_44 parameters. Both Random Forest
and gradient boosting regressors maintain excellent predictive accuracy
for state of charge (SoC) and cycle number, achieving R® > 0.98 and
mean absolute errors (MAE) below 1%, demonstrating that a minimal
subset of electrochemical impedance spectroscopy (EIS)-derived fea-
tures can effectively capture the electrochemical state evolution.

Model Target R? MAE
Random Forest SoC (%) 0.993 0.886
Random Forest Cycle 0.987 0.990
Gradient boosting SoC (%) 0.994 0.987
Gradient boosting Cycle 0.992 0.989

data set produced R*> 0.98 with MAE below 1% and exhibited
in Table 2, thus demonstrating that even only five data points
are sufficient for highly accurate predictors applied to solid-
state batteries.

By limiting the measurement budget to only a few primary data
points in mid-frequency ranges, diagnostic measurements can
be limited to milliseconds. While full-spectrum EIS acquisition
remains inherently time-limited, this result demonstrates that
once sparse-frequency measurements are available, inference
can be performed at millisecond timescales, highlighting a
pathway toward fast impedance-based diagnostics. Altogether,
this makes a compelling case for integrating EIS-based diag-
nostics into early SSB prototypes and pilot lines.

1.9 | Limitations and Opportunities

As with any data-driven method, generalization beyond the
trained distribution must be verified. Three axes matter most:
chemistry, temperature, and mechanical boundary conditions
(pressure, stack design). The features we use are intentionally
generic, and the physical picture (interfacial arcs dominate)
is broadly valid across sulfides, oxides and halides but transfer
across chemistries should be validated experimentally.
Temperature shifts characteristic frequencies; modest domain
adaptation or temperature as an explicit model input should
mitigate this. Mechanical pressure affects contact and therefore
R, and Rj3; including pressure readouts or features derived from
high-frequency inductive response would improve robustness.
Feature distributions and model predictions are expected to
shift with operating conditions such as temperature, pressure,
and electrode architecture. Temperature primarily affects
relaxation times (frequency scaling), while pressure influences
interfacial contact and resistance evolution. Electrode design
alters transport pathways within composite structures. To
address this, the framework can incorporate these variables as
additional inputs or apply domain adaptation techniques.

Finally, while RF/GB models already meet accuracy targets,
probabilistic or conformal variants could deliver calibrated
uncertainty [9]—useful for SSBMS decisions that blend model
outputs with safety margins. Future work could benefit from
sequential modeling approaches, including recurrent neural
networks and transformer-based architectures, to explicitly

incorporate temporal dependencies between successive imped-
ance measurements.

1.10 | Reproducibility and Data Pathway

The entire analysis pipeline—from classification of galvano-
static versus EIS rows, to cycle indexing by current-sign tran-
sitions, to feature construction and multi-output regression—
was implemented in Python with standard libraries. Feature
vectors and trained models are serialized for reuse; diagnostic
plots (e.g., predicted vs true, feature importance) are generated
automatically for quality control. Because the method used by
NEVORA consumes only derived features, it is compatible
with privacy-preserving or bandwidth-limited deployments: raw
spectra need not leave the device.

1.11 | Broader Relevance

Although demonstrated here on a sulfide/NMC solid-state
battery, the impedance-based modeling framework is broadly
transferable to any electrochemical or physicochemical system
measurable by EIS. The same principles can be applied to halide
and oxide solid electrolytes, silicon or lithium-metal composite
electrodes, and sodium- or magnesium-based cells. Beyond
batteries, this approach can extend to fuel cells, supercapacitors,
solid oxide electrolyzers, corrosion and coating diagnostics, and
even bioelectrochemical systems where impedance spectra en-
code interfacial or transport phenomena. In manufacturing,
brief impedance snapshots during stack assembly or formation
could serve as rapid quality control metrics to identify poor
contact, contamination, or nonuniform interfaces before costly
cycling or device integration.

2 | Conclusions

We demonstrate that coupling in situ EIS with machine learning
provides a practical and interpretable diagnostic framework
for solid-state batteries. By encoding spectra into mathematical
feature vectors and training lightweight multi-output models,
we achieve accurate, real-time predictions of SoC and cycle index
without relying on fragile equivalent-circuit fits. Feature-
importance analysis and voltage-dependent trends (Figures 1-4)
reveal that the models focus on the spectral regions most sensitive
to interfacial health—particularly the growth and shift of a mid-
frequency phase peak linked to the cathode composite—electrolyte
interface, and low-frequency changes indicative of anode contact
loss. Moreover, we show that these compact yet robust models
retain high predictive accuracy even when trained on a minimal
subset of features corresponding to interfacial processes.
Together, these results chart a clear path toward impedance-
informed battery management systems, where brief EIS blocks
acquired opportunistically during operation enable adaptive
control strategies that extend lifetime and enhance safety.
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