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ABSTRACT

Accurate assessment of lithium-ion battery state of health (SOH) is essential for ensuring their safe and reliable
operation, particularly under abnormal conditions such as overcharging. This study investigates the use of
strain measurements to evaluate the SOH of a 3000 mAh Samsung 30Q cell subjected to standard cycling and an
overcharge event introduced midway through its expected lifetime. Continuous strain gauge-based monitoring
revealed distinct changes in residual deformation following overcharge, indicating irreversible structural
modification. A strain-decomposition framework was developed to separate cyclic deformation into offset,
slope, and residual components. The offset captured irreversible baseline shifts associated with cumulative
degradation, while the slope reflected reversible, SOC-dependent expansion and contraction. The residual
component isolated nonlinear intercalation-driven deformation, providing a sensitive indicator of evolving
internal electrochemical conditions. Feature-based analysis of the residual strain incorporated distribution-
shape features, in addition to both time-domain and frequency-domain metrics. Maximum strain and root mean
square frequency (RMSF) exhibited the strongest cross-cell consistency, with average Spearman correlations
exceeding 95% and median absolute differences below 4%. Principal component analysis further revealed
distinct mechanical signatures between charging and discharging. Charging PC1 was dominated by waveform-
shape descriptors such as skewness, shape factor, and crest factor, whereas discharging PC1 was governed
primarily by strain-magnitude features, including RMSF, maximum strain, and mean strain, aligning more
with feature correlation results. These complementary modes captured approximately 99% of the total variance
across the first five charging and discharging components. Post-overcharge analysis displayed clear increases in
residual strain and changes in slope, consistent with irreversible structural damage and aligned with observed
reductions in electrical performance. This work establishes a foundation for integrating mechanical strain
diagnostics into future battery management systems.

1. Introduction

capture hidden internal states [6,7]. In contrast, fractional-order equiv-
alent circuit models (FOECMs) facilitate more sophisticated feature

Lithium-ion batteries are integral to modern energy storage ap-
plications [1]. Electric vehicles, smart grid storage, and consumer
electronics are just a few examples where lithium-ion batteries are
becoming increasingly prevalent. One key metric for assessing battery
performance over time is state-of-health (SOH), which indicates the
battery’s ability to charge and discharge throughout its lifespan in
comparison to its initial condition [2,3]. As the usage of lithium-ion
batteries expands, ensuring the safety, reliability, and longevity of these
cells has become increasingly critical [4,5], requiring more accurate
SOH monitoring and prediction.

Common battery models such as integer-order equivalent circuit
models (IOECMs) are simple and computationally efficient, but cannot

extraction at the expense of increased computational demand [8,9].
While offering highly accurate representations of underlying battery
physics, electrochemical models are sensitive to age-induced degrada-
tion and parameter variations. Data-driven approaches, such as neural
networks, require extensive training and large datasets and may exhibit
poor generalization when exposed to conditions outside the training
domain [10]. Moreover, training models for accurate SOH estimation
is challenging due to complex degradation mechanisms influenced by
temperature, charge/discharge cycling, and diverse operational condi-
tions [11].
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Traditional methods for assessing lithium-ion battery cell degra-
dation throughout charge—discharge cycling, such as impedance spec-
troscopy and capacity fade analysis, often require intrusive measure-
ments or fail to provide real-time insights. Measurable signals, par-
ticularly voltage, current, and temperature, offer limited precision as
they can only observe key internal battery states indirectly. More recent
methods have also been established, each presenting distinct benefits.
Strain gauges and piezoelectric films are recognized for their cost-
effectiveness and scalability in facilitating real-time monitoring [12,
13]. In contrast, fiber Bragg grating (FBG) sensors offer enhanced
sensitivity through the utilization of optical signals [14]. Digital image
correlation (DIC) provides a non-contact means for surface deformation
tracking [15], while advanced techniques such as X-ray diffraction
(XRD) and neutron scattering enable the characterization of internal
lattice strain [16,17]. Additionally, finite element modeling (FEM)
serves as a valuable computational tool, simulating strain behavior
under diverse conditions to inform design and safety optimization [18].

Of these newer approaches, strain sensing provides a direct me-
chanical signature of the electrochemical reactions and degradation
processes occurring within the cell. This includes the dynamic vol-
umetric changes that occur in electrode materials during lithiation
and delithiation, such as expansion, contraction, and phase transi-
tions in graphite [14]. Incorporating in-situ monitoring of battery
deformations can capture reversible strain dynamics over charge/dis-
charge cycles as well as irreversible growth associated with aging and
SEI formation [19,20]. As a result, strain sensing has emerged as a
promising complementary modality for battery state estimation [21,
22], enabling data-driven mapping from mechanical signatures to SOC
and SOH when combined with multi-sensor integration and machine
learning models. This methodology not only improves SOC estima-
tion performance, but also provides early detection of cell imbal-
ance, mechanical degradation, and capacity fade, thereby aiding the
development of advanced BMS algorithms for safety management,
fault detection, and lifetime optimization [23]. The exploitation of
mechanical-electrochemical coupling thus opens a new avenue for
precise, non-invasive battery state estimation, bridging electrochem-
ical modeling with real-time sensor data to achieve intelligent and
resilient battery operation under diverse cycling and environmental
conditions [24].

Li et al. [25] highlight the difficulty of joint SOC and SOH estimat-
ing due to their intrinsic coupling. Their work demonstrates that strain
measurements vary with SOH even when SOC remains unchanged,
enabling improved separation of the two states. The authors also em-
phasize that strain sensing supports early SOH detection, as mechanical
deformation associated with aging appears before electrical indicators
exhibit changes. Despite its promise, reliable extraction of SOH-relevant
information from strain signals remains challenging due to nonlinear
swelling and the dominance of cycling-induced deformation. To over-
come these limitations, work focusing on isolating the strain component
associated with electrochemical processes is required to enable reliable
strain-based feature extraction and analysis.

In this work, we propose a novel cycle-wise detrending method and
show how combining it with strain gauge measurements can provide
unique diagnostic insight into cell health. The proposed decomposition
separates strain into three distinct elements: the offset, representing
permanent baseline shifts due to irreversible changes such as solid
electrolyte interphase (SEI) growth and lithium plating [26]; the slope,
corresponding to reversible expansion and contraction during interca-
lation and deintercalation; and the residual, capturing nonlinearities
associated with lithium staging transitions and other fine-structure
phenomena. By applying this framework across repeated cycles, we
examine how each component evolves with aging [27] and under
abnormal conditions, including an overcharge event, and assess its
potential as a sensitive diagnostic metric for SOH monitoring. The
contributions of this work are threefold. First, we demonstrate that
strain gauges mounted directly on cylindrical 18650 lithium-ion cells
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Fig. 1. Lithium ion migration between anode and cathode.

provide a practical and reliable means of collecting and reporting
novel strain data during aging. Second, we present a method for de-
composing strain measurements into distinct components that directly
relate to reversible and irreversible cell deformation, thereby connect-
ing mechanical response with electrochemical mechanisms. Third, we
perform a statistical analysis of four categories of features extracted
from the decomposed strain components demonstrating that waveform-
shape features dominate charging and amplitude features dominate
discharging.

2. Relevant background

This section provides background on expansion and contraction of
lithium cells during cycling. It subsequently details how these mechan-
ical changes contribute to capacity loss by facilitating solid electrolyte
interphase growth and lithium plating.

2.1. Reversible and irreversible strain

The intercalation of lithium ions between the anode and cathode,
represented in Fig. 1, is the primary driver of reversible strain in
lithium-ion batteries [28]. During charging, lithium ions migrate from
the cathode through the separator in the electrolyte and embed them-
selves between the graphene layers of the graphite anode [29]. This
process causes the anode to swell as the graphite lattice expands to
accommodate the inserted lithium ions. Conversely, during discharge,
the lithium ions deintercalate from the graphite anode and return to
the cathode, resulting in contraction of the anode structure. This cyclic
expansion and contraction of the graphite lattice is the fundamental
reversible mechanical response of the cell, and it can be measured
externally as hoop strain on cylindrical cells.

2.2. Solid electrolyte interphase

The formation of SEI constitutes a protective layer developed from
the decomposition of electrolyte that occurs as it interacts with the
anode material during the initial charging phase of a new battery
cell [30,31]. This pivotal process enables the flow of lithium ions to
and from the anode while simultaneously obstructing internal electron
movement. Upon the establishment of this delicate passive layer, the
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Fig. 2. Overview of the cyclewise detrending framework illustrating: a. data processing, b. decomposed strain, c. feature extraction, d. feature ranking, and e.

correlation analysis.

chemical reaction ceases, effectively halting further electrolyte de-
composition [32]. Notably, mechanical stress induced by the anode’s
expansion and contraction during cycling can result in the cracking or
fracturing of the SEI layer, which in turn stimulates additional SEI ac-
cretion. This process culminates in the accumulation of an irreversibly
thicker layer over time, which diminishes the availability of electrolyte
necessary for lithium ion migration [12]. Wang et al. [30] have mod-
eled the reversible and irreversible expansion processes, elucidating
their implications for cell performance over time.

2.3. Lithium plating

Lithium plating is another contributor to irreversible cell expansion.
Lithium plating transpires when the migration of lithium ions is im-
peded due to factors such as SEI growth, elevated charge/discharge
rates, overcharging, overvoltage conditions, or charging at extremely
low temperatures [33]. When lithium ions encounter difficulty during
migration, they may crystallize into lithium metal deposits on the an-
ode. This accumulation of lithium plating progressively restricts lithium
ion flow and poses the risk of dendrite formation, characterized by
needle-like projections of lithium metal that can breach the cell layers,
leading to further degradation or potential short-circuiting of the cell.
Moreover, the reduction of free lithium ions results in a diminished
charge capacity of the cell, which corresponds to a lower SOH.

The measurement of mechanical strain has emerged as a diagnos-
tic tool for identifying abnormal conditions within lithium-ion cells.
Instances of overcharging and cell abuse can generate significant varia-
tions in internal pressure, which yield detectable measurements within
the cell. Kirchev et al. [34] have demonstrated that, in similar 18650
cells, it is feasible to detect the onset of cell over-swell almost immedi-
ately following an overcharge event. Additionally, research conducted
by Anthony et al. reveals that strain measurement can serve as a reliable
indicator of failures in current interrupt devices (CIDs) in 18650 cells,
supported by strain data [15].

3. Methodology

This section outlines the experimental setup, data acquisition and
processing pipeline, and evaluation procedures used to validate perfor-
mance and ensure reproducibility. Fig. 2 is a visual outline displaying
the step-by-step method used in this paper.

First, a strain gauge and thermocouple are adhered to the cell and
placed in a holder that connects the cells to a battery cycler module
shown in Fig. 3. Once the cycling data is stored and processed, the raw
strain data is detrended to the residual strain for each cycle. Features
are extracted from the residual strain data, which are categorized by
distribution shape, time-domain amplitude, time-domain waveform, or
spectral localization. The extracted features are ranked using the Spear-
man correlation method and dimensionally reduced using principal
component analysis (PCA).

Fig. 3. Images presenting: (a) the battery lab experimental setup, and (b) three
18650 cells with strain gauges and thermocouples inside a temperature control
enclosure.

3.1. Experimental testing

A set of three lithium-ion cells from the same order batch (Samsung
30Q), with a nominal capacity of 3000 mAh, were subjected to a
testing regimen utilizing a constant current-constant voltage (CCCV)
charging method, followed by a constant current (CC) discharge at
a rate of 1C. Each test cycle incorporated a one-hour rest period
between the charging and discharging phases. Current and voltage were
supplied to the cells and measured via three 12 kW bi-directional DC
modules (NHR4912, NH Research) housed in a battery test system
chassis (NHR9200, NH Research). The hoop strain and temperature
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of the cells were measured individually using surface-mounted 350
ohm strain gauges (MMF404146, Micro-Measurements) and K-type
thermocouples, respectively. The strain gauges were bonded to the
cells with an rapid-curing adhesive specifically formulated for strain-
gauge bonding (M-Bond 200, Micro-Measurements), and is compatible
with all Micro-Measurements strain gauges [35,36]. Great care was
taken to ensure a very thin, uniform adhesive layer was applied to
produce a thin localized layer maximizing strain-transfer accuracy.
The cell is lightly sanded for better adhesion and the strain gauge is
mounted circumferentially at the center of the cell to measure hoop
strain. The data acquisition system consisted of a laptop computer
(ThinkPad T470s, Lenovo) and a compactDAQ chassis (CDAQ-9189,
National Instruments) housing a 4-channel, 24-bit thermocouple mea-
surement module (NI-9212, National Instruments) and a 8-channel,
24-bit quarter-bridge strain input module (NI-9236, National Instru-
ments). The battery cycling process continued until the cells’ capacities
were observed for 450 cycles, which is approximately 80% of their
initial capacity. The capacity for each cycle was quantified through the
integration of current over time via Coulomb counting, while the cells’
nominal state of health (SOH) was computed as a percentage of the
rated capacity. All experimental date from these tests is provided as
“Dataset-1” through a more comprehensive public repository [37] and
provided as supplemental data with this publication.

3.2. Strain decomposition

To derive insights regarding the mechanical behavior from the
strain measurements, the strain signals for each cycle were decomposed
into three distinct components: offset, slope, and residual. The offset,
characterized by the initial strain value at the commencement of dis-
charge, was systematically subtracted from all subsequent strain data
points. The slope, established as the linear trend between the initial and
final strain values, was also removed.

We define the lithium stoichiometry 6(¢) as the fractional lithium
content of the graphite anode (0 < 6 < 1). Under constant-current
operation,

do
I=—= t, 1
T cons (€8}

so the passed charge evolves linearly,

O = It+ Q. (2)
Because lithium intercalation proceeds at a constant molar flux,

0(t) =6y + kt, 3
therefore

0 — 09 =a(Q— Q). @

The measured strain is modeled as
£(0) = f(0(Q)) + Emecn(Q), (5)

where f(0) is the reversible lithiation-induced swelling and &,,.,(Q)
captures background mechanical effects. Since f is smooth, a Taylor
expansion about 6, gives

£0) = fO0)+ £'00)0 = 6p) + 5 /" 0)0 — 6> + O((0 = 6)°) . (6)
Substituting 6 — 6y = a(Q — Q) yields

€(Q) % f(89) + B(Q — Qp) + C(Q — 09)* + Eneen(Q), @
with
B=f'(6g)a,  C=1f"(6p)> )

We define the intra-cycle offset as the strain at the start of charge,

£oft = €(Qp)s (C)]
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Fig. 4. Breakdown of strain decomposition methodology.

and subtract it to isolate the charge-dependent variation,

£(Q) = €(0) — &4t (10)
The offset-subtracted strain becomes
£(0) » B(Q - Qg) + C(Q — Qp)* + Emech res(Q)> 11

where £, 1es(Q) collects higher-order and non-chemo-mechanical con-
tributions. The extracted linear component is

€in(Q) = B(Q — Qo). 12)
and the remaining nonlinear and degradative contributions are
£es(0) = £(Q) — £, (0). 13)

The residual strain (Eq. (13)), which is essentially the signal that
remained post-removal of both the offset (Eq. (9)) and slope (Eq. (12)),
was employed for in-depth analytical investigation displayed in Fig. 4.
A variety of time and frequency domain features were extracted from
the residual strain signals across each cycle, aiming to explore their
correlations with capacity degradation.

3.3. Preliminary data exploration

This section presents a basic and preliminary data exploration into
the capacity vs. cycle data. Following the initial 100 cycles, the growth
of SEI reaches a state of stabilization, permitting the strain response
of the cell to establish a consistent pattern throughout the remainder
of the testing period. This sustained response is characterized by a di-
minishing trend in hoop strain during the discharge phase; conversely,
the charging process exhibits a parallel behavior, reflected in increasing
strain levels. In Fig. 5, the strain data is delineated into offset, slope,
and residual components, with the residual component capturing the
nonlinear characteristics of the signal utilized for feature analysis.

The overall capacity degradation trajectory across approximately
450 cycles is shown in Fig. 6. This plot presents the measured capacity
of three Samsung 30Q cells over their lifetime, with two prominent
overcharge incidents marked during cycling. These overcharge events
serve as natural perturbations within the dataset, producing accelerated
degradation and providing a useful benchmark to compare changes
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Fig. 5. Strain data characterization by partitioning into three distinct compo-
nents: the offset, the linear trend, and the residual (difference).

Fig. 6. Nominal capacity data for three 18650 cells with over-charge event.

in both electrical and mechanical response. The capacity fade follows
the typical declining trend toward end-of-life at approximately 80%
SOH, but the step-changes induced by the overcharge highlight how
abnormal cycling conditions can strongly alter the subsequent strain
response.

Fig. 7(a) presents the charge data for Cell A at cycle 100. It shows
strain, voltage, temperature, and current throughout the CCCV charge
process. A key observation is the decoupled nature of the strain and
temperature responses. During the CC portion of charging, strain in-
creases steadily with lithium intercalation into the graphite anode,
while the cell temperature also rises steadily. Entering the constant
voltage (CV) region, the behavior diverges. Strain and temperature
initially decreases as the current begins to drop. However, as the cell
approaches full charge, strain increases once more while temperature
continues to drop rapidly as the charging current decreases. This pat-
tern indicates that strain is primarily linked to the staging of lithium
intercalation rather than thermal effects, with distinct inflection points
aligning with electrochemical transitions within the graphite lattice.

The discharge profile of the same cell at cycle 100 is shown in Fig.
7(b). Here, strain initially increases alongside a gradual rise in cell
temperature, consistent with early-stage deintercalation. However, as
the discharge proceeds further, the strain decreases toward its baseline
level while the cell temperature remains elevated due to resistive heat-
ing. This again underscores that while thermal effects contribute to the
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measurement environment, the strain gauge predominantly reflects the
reversible structural contraction of the graphite anode during lithium
extraction.

To evaluate the robustness of the strain signal under varying operat-
ing conditions, Fig. 8 compares strain trends across multiple charge and
discharge rates. While minor differences are observed at extreme rates,
the overall strain curve maintains a consistent shape aligned with the
state of charge. This indicates that the strain response is more closely
tied to the intercalation state of the anode than to the rate of lithium-
ion transport, making it a reliable proxy for internal electrochemical
processes independent of applied current rate.

Finally, Fig. 9 highlights the interaction between strain and tem-
perature under controlled thermal conditions. The cell was cycled at
a 1C rate within a 10°C environment, with strain and temperature
monitored simultaneously. The results show that although temperature
fluctuations are present, the strain response retains a distinct trajec-
tory correlated with the electrochemical state. Temperature variance
exhibited slow thermal drift, whereas, the mechanical strain displayed
a sharp curve indicative of deintercalation dynamics. This further
supports the interpretation that strain can be isolated from thermal
artifacts and used as an independent diagnostic signal of intercalation
dynamics and aging.

3.4. Feature-based investigation

3.4.1. Distribution shape (non-Gaussianity)

Distribution shape (non-Gaussianity) captures both asymmetry and
tail heaviness in the residual strain. It is sensitive to early regime
changes and departures from Gaussian behavior, which often precede
shifts in averages or variability.

» Skewness (more specifically, sample skewness) was calculated
using the Fisher-Pearson standardized moment coefficient (also
known as the adjusted Fisher-Pearson coefficient), defined as

81= "33 14

2
where mg = %Z,’;l(x,- — %)% is the third central moment, m, =
% 27:1("1' — x)2 is the second central moment (variance), n is the
sample size, and x is the sample mean.

Kurtosis (more specifically sample kurtosis) g, (excess kurtosis) is
computed as

n o\ 4
_ n(n+1) X;— X
2= G- Dn-2m-3) ;( s )
__3(n-1)
n—2)(n-3)°
where s is the sample standard deviation. The first term is a scaled

and normalized fourth moment, and the second term subtracts the
bias correction and 3 to yield excess kurtosis.

(15)

3.4.2. Time-domain amplitude statistics

Time-domain amplitude statistics summarize level and range over
a cycle, providing a stable, low-cost readout of load severity and slow
baseline drift in the strain response.

» Mean strain (epeq,) i the average strain value, representing the
midpoint of the strain cycle.

* Minimum strain (ep;,) is the lowest strain value experienced,
typically the compressive peak.

» Maximum strain (ey,,) is the highest strain value experienced,
typically the tensile peak during a loading cycle, and is expressed
as

€max t €min

€mean = - 3 (16)
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Fig. 7. Cycle 100 data for cell A collected: (a) during charge at 1C CCCV and (b) during discharge at 1C CC.

Fig. 8. Analysis of various strain trends across several discharge rates.

3.4.3. Time-domain waveform ratios

Time-domain impulsiveness and shape ratios emphasize spike-like
events and waveform form via peak-to-average relationships, highlight-
ing short, high-energy transients that basic amplitude summaries may

miss.

Fig. 9. Cell surface temperature and strain in 10 degree Celsius controlled
environment cycled at a 1C rate.

+ Shape factor is the ratio of overall energy to average magnitude,
capturing waveform form relative to its typical level. Computed
as

a7
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Higher values indicate a more peaked waveform for the same
average magnitude.

Impulse is the ratio of the highest excursion to the average
magnitude, emphasizing short, high-amplitude events. Computed
as

max; |x;|
e
; Z?:l [x;1
Larger values indicate isolated spikes that can precede visible
changes in simpler statistics.
Crest Factor is widely used in vibration analysis and fault detec-

tion; the crest factor indicates the presence of sharp, high-energy
spikes. It is defined as
Peak Value

RMS
An increase in crest factor often signals the development of faults
even when total energy remains low.

Impulse = 18)

Crest Factor = (19)

3.4.4. Spectral localization

Spectral localization characterizes where strain energy concentrates
in frequency, revealing resonance shifts and energy reallocation asso-
ciated with protocol changes and evolving mechanical state.

» Root Mean Square Frequency (RMSF) provides a measure of the
distribution of signal energy across frequency components. It
is a weighted average frequency, useful in vibration and audio
analysis.

Frequency Center represents the central or resonant frequency
around which a signal or filter is most active. It is defined as the
midpoint between the lower cutoff frequency f; and the upper
cutoff frequency f,. Computed as

Secenter = h ; fa . (20)

4. Results
This section presents and discusses the results from this work.
4.1. Detrended strain components

Figs. 10 and 11 summarize the cycle-wise offset and slope features
computed separately for charge and discharge segments, revealing com-
plementary aspects of baseline shift and intra-cycle trend. The offset
feature in Figs. 10(a) and 11(a) tracks quasi-static drift in the residual
strain (baseline expansion/contraction), while the slope feature in Figs.
10(b) and 11(b) captures dynamic evolution within a segment (rate-
dependent accumulation). Full strain data plots were not included in
the main paper for brevity, but can be found in Fig. 18 of Appendix.

Early cycles in Figs. 10 and 11 show tight clustering and near-
zero slopes, indicating stable operation. With aging, both charge and
discharge offsets diverge from zero and the slopes become increas-
ingly non-zero, signaling progressive irreversibility. The offset plots
are the initial points beginning the charge and discharge states per
cycle, reflecting irreversible baseline shifts, and the slopes highlight
the evolving reversible strain occurring during cycling as observed in
Fig. 18. Notably, charge and discharge exhibit asymmetric behavior
where charge offsets generally grow (positively or negatively) earlier
and more monotonically, whereas discharge slopes are more sensitive
to disturbances and protocol changes, producing detectable inflection
points. Together, these features provide a low-cost, high-stability indi-
cator set, and their divergence as cycling matures is consistent with the
onset and progression of degradation.

Figs. 12 and 13 show the residual strain after cycle-wise detrend-
ing for charge (Fig. 12) and discharge (Fig. 13), plotted on matched
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Fig. 10. Charging offset and slope data for cells A, B, and C.

Fig. 11. Discharging offset and slope data for cells A, B, and C.

axes for direct comparison. Early cycles exhibit minimal residual ef-
fects, indicating the initial health of new cells. With continued cy-
cling, the residuals broaden and develop visible structure, signaling
increasing non-stationarity and irreversible contributions. Both charge
and discharge traces show a gradual increase in variance with gen-
erally smooth evolution. The outliers in both plots correspond to the
overcharge events in Fig. 6.

4.2. Strain feature analysis

Figs. 14 and 15 compile all extracted strain-based features across
cycles using common axes for direct comparison, with Fig. 14 showing
charge and Fig. 15 showing discharge. The panels reveal three consis-
tent patterns. First, the distribution shape features (sub-figures (a) and
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Fig. 12. Charging differential data for: (a) cell-A, (b) cell-B, and (c) cell-C.

(b)) increase rapidly early in life and then relax toward a slower drift as
aging progresses, indicating growing non-Gaussian structure; this pat-
tern appears in both charge and discharge, with Cell-A evolving more
slowly than the others. Second, the time-domain amplitude statistics
(sub-figures (c) to (e)) drift gradually from early to late life, reflecting
slow baseline state shifts in the strain response with low cycle-to-cycle
variability. Third, the time-domain waveform ratios (sub-figures (g) to
(h)) rise sharply early in life and then settle into slower evolution, with
clear, localized excursions around disturbances that indicate impulsive
behavior and transient peaks. These dimensionless peak-to-average

Journal of Energy Storage 178 (2026) 123341

Fig. 13. Discharging differential data for: (a) cell-A, (b) cell-B, and (c) cell-C.

measures have higher noise across cycles, making them sensitive to
short, high-energy events that are muted in simple amplitude statistics,
such as sub-figures (a) and (b). Lastly, the spectral localization statistics
(sub-figures (i)-(j)) show a stable drift direction after the first 50 cycles.
RMSF exhibits clear excursions at the overcharge events near cycles 150
and 310, whereas the frequency center remains comparatively steady
and does not register these transients. This separation distinguishes
experiment-dependent behavior from intrinsic system trends.
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Fig. 14. Charging strain data features extracted from cell’s A, B, and C.

To quantify redundancy and cross-cell consistency without crowd-
ing the main text, Table 1 reports per-feature Spearman summaries
(Fisher z-averaged p and median |p|) for charging and discharging,
with full matrices and inter-cell bar plots provided in the Appendix
(Figs. 23-26). The results corroborate the patterns above, showing
the features separate into two distinct behavioral groups. Maximum
strain, RMSF, mean strain, and center frequency achieve high cross-cell
Spearman correlations with minimal variability, indicating that these
features capture degradation trends that generalize well across different

cells. Conversely, crest factor, impulse factor, shape factor, and skew-
ness display low average correlations and large spreads, suggesting that
these higher-order features are highly sensitive to cell-specific effects
and therefore unreliable for cross-cell SOH estimation. Intermediate
features such as minimum strain and kurtosis show partial consistency
but remain less stable than the amplitude-based and frequency-based
metrics. Maximum strain and RMSF stand out as the most cross-cell-
consistent features, exhibiting the highest average Spearman correla-
tions and the lowest median absolute correlations in both charging and
discharging.



M. Flemming II et al

Table 1

Cross-cell Spearman consistency per feature (charging and discharging).
Feature Charging Discharging

p (z-avg) Median |p| p (z-avg) Median |p|

Mean strain 0.8406 0.1185 0.9154 0.0688
Minimum strain 0.3483 0.5669 0.5693 0.4071
Maximum strain 0.9673 0.0271 0.9585 0.0361
Crest factor 0.1822 0.6410 0.1365 0.6642
Impulse factor 0.1432 0.6931 0.1143 0.6693
Shape factor 0.3147 0.5756 0.2069 0.6366
Skewness 0.1214 0.7138 0.4645 0.5179
Kurtosis 0.3577 0.5941 0.6384 0.2990
RMSF 0.9646 0.0356 0.9566 0.0361
Frequency center 0.8141 0.1896 0.9012 0.0730

Table 2 reports across all four features with the highest Spearman
correlation for cell A. The distributions reveal a consistent transition
decreasing from high variable early-life and mid-life behaviors to a
more stable late-life response. Maximum strain and RMSF both exhibit
low early-life repeatability (coefficient of variation (CV) = 10%-15%)
followed by a sharp increase in magnitude and a substantial reduc-
tion in variability as the cell ages, indicating progressive mechanical
degradation. Mean strain increases slightly from early-life to mid-life,
then decreases sharply in late-life and center frequency displays a
less extreme version of the same pattern, ultimately aligning with
the monotonic trends of the other features. Since mean strain reflects
the average mechanical expansion of the cell and center frequency
reflects the spectral balance of the strain waveform, their mid-life
variability bumps captures the period where electrochemical behavior
becomes most inconsistent, driven by heterogeneous SEI growth, evolv-
ing impedance, and the onset of material cracking. In contrast, the other
features primarily describe peak expansion and high-frequency noise,
which evolve more monotonically with aging and therefore do not
exhibit a mid-life variability peak. While center frequency is negatively
dominant during charging and positively dominant during discharging,
as shown in sub-figures (j) of Figs. 14 and 15, both trends move toward
a more symmetrical (near-zero) center with aging. This reflects the
loss of directional waveform asymmetry as the strain response becomes
increasingly chaotic and mechanically degraded. Collectively, these
results demonstrate that aging manifests not only as a reduction in
mechanical performance but also as a pronounced decrease in cycle-to-
cycle variability with a more chaotic yet symmetrical strain waveform
spectrum, providing a clear statistical signature of degradation progres-
sion. The variability data is also provided as a histogram plot in the
Appendix (Fig. 27).

4.3. PCA and loading observations

Fig. 16 shows PC1-PC5 versus cycle index for charging and dis-
charging, providing their principal component trajectories or direc-
tion of aging. Plotting PC1-PC5 against cycle was chosen because
the scree and cumulative explained variance in Fig. 17 indicate that
PC1+PC2+PC3+PC4+PC5 capture 99% of the cumulative explained
variance for charging and discharging. PC1 carries the largest share of
information with an explained variance of 48% for charging and 37%
for discharging. Across all cells, PC1 evolves coherently with cycling
and serves as a low-dimensional aging coordinate, with drift direction
stabilizing after the initial break-in period of roughly the first 50 cycles.
Cells A and C track closely in shape, with cell-B appearing as a scaled
version that follows the same trend but with a different amplitude.
Overcharge events near cycles 150 and 315 manifest as clear excursions
in some traces, particularly in cells A and B. Cell-B exhibits a clean,
orderly progression that is separated from Cells A and C, while Cells A
and C follow a similar trend with different scaling.

The PCA loading patterns reveal that charging and discharging
strain behavior are governed by fundamentally different combinations
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of mechanical and waveform-shape features. During charging, Table
3 reveals PC1 is dominated by strongly positive contributions from
skewness, shape factor, impulse factor, and crest factor, indicating that
the primary mode of variation arises from waveform geometry rather
than strain amplitude. In contrast, Table 4 shows that the discharging
PC1 is driven by large positive loadings from RMSF, maximum strain,
and mean strain, while shape-based descriptors such as crest factor,
kurtosis, and frequency center contribute strongly but in the opposite
direction. This polarity reversal shows that high strain magnitude
during discharge is associated with reductions in waveform sharpness
and asymmetry. Higher-order components reinforce this distinction:
charging PCs emphasize geometric descriptors, whereas discharging
PCs mix amplitude-driven and spectral features. Together, these re-
sults demonstrate that charging strain evolution is shape-dominated,
while discharging strain evolution is amplitude-dominated, highlight-
ing distinct underlying physical mechanisms despite the shared feature
set.

5. Conclusion

The strain decomposition method isolates the segment of strain
that represents irreversible cell deformation not caused by intercalation
and deintercalation. The captured data is associated with internal
electrochemical reactions and enables the systematic observation of cell
aging. Cycle-to-cycle correlation analysis reveals that as the cell ages,
mechanical capability declines while the strain waveform progressively
converges toward stable, symmetric spectral patterns, providing a clear
statistical trajectory of advanced degradation. PCA is employed to
reduce the dimensionality of both charging and discharging feature
spaces by 50% while preserving the majority of relevant variance. No-
tably, the retention of the first five principal components for charging
and discharging accounts for approximately 99% of the total variance.
This dimensionality reduction supports efficient monitoring of degra-
dation patterns and minimizes the confounding effects of noise. PCA
loading analysis suggests that charging PC1 increases when waveform-
shape features increase. During discharging, high strain magnitude
is associated with lower waveform-shape metrics. Consequently, this
targeted approach facilitates clearer visualization and analysis of ag-
ing trajectories, thereby providing a robust framework for identifying
dominant strain modes and their evolution throughout electrochemi-
cal cycling. While the methodology introduced in this paper focused
exclusively on individual cylindrical 18650 NMC cells, the method
could potentially be expanded to different cell geometries, sizes, and
module-level conditions. Since various cell geometries and modular cell
interactions would affect strain signatures significantly, such expansion
would require a multitude of dedicated experiments outside the scope
of this paper. Future work will focus on this generalization strain
degradation problem to progress this work further.
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Fig. 15. Discharging strain data features extracted from cell’s A, B, and C.

Table 2

Early-life, mid-life, and late-life variability statistics for maximum strain, RMSF, mean strain, and center frequency.
Feature Early-life Mid-life Late-life

mean std Ccv mean std Ccv mean std Ccv

Max strain 52.27 5.17 0.098 85.44 7.81 0.0914 9 172.64 4.06 0.0235
Mean strain 23.06 3.02 0.1308 17.91 2.68 0.1496 52.11 2.28 0.0437
RMSF 955.83 141.25 0.1478 1619.93 173.20 0.1069 3625.45 80.12 0.0221
Center frequency -67.64 2.82 -0.0417 —47.96 3.10 —0.0647 -28.95 0.86 —0.0297
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Fig. 16. PC1-PC5 versus cycles from cell’s A, B, and C for charging and discharging.

Table 3

PCA feature loadings for the principal components (charging).
Feature PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10
RMSF 0.4391 0.8279 —0.3020 —0.1520 0.0438 —0.0633 0.0048 0.0456 —0.0142 —0.0049
Maximum strain 0.6716 0.7190 0.0046  —0.1732 0.0087  —0.0412 0.0022  -0.0083 0.0297 0.0083
Mean strain 0.6526 0.5794 0.4586 -0.1591 0.0001 0.0003 —0.0372 —0.0435 —0.0185 —0.0033
Crest factor 0.7136 —0.6416 -0.1114 —0.1486 0.2049 0.0567 0.0048 —0.0031 0.0076 —0.0101
Shape factor 0.9151 —0.0577 —0.0139 0.3835 —0.0269 —0.0984 —0.0477 —0.0037 0.0066 —0.0092
Minimum strain 0.5586 -0.0712 0.8191 0.0131 —-0.0573 0.0851 —0.0236 0.0387 0.0046 —0.0004
Kurtosis 0.4869 —0.7008 —0.4038 -0.2727 -0.1714 —0.0016 —0.0759 0.0021 0.0002 —0.0014
Frequency center 0.4450 0.6790 —0.5299 0.1831 —0.0298 0.1617 —0.0210 —0.0051 —0.0004 0.0003
Impulse factor 0.8735 -0.4622  —0.0737 0.0970 0.0885 -0.0176  —0.0267 0.0053  -0.0132 0.0183
Skewness 0.9526 —0.2428 —0.0402 0.0014 —0.1001 0.0016 0.1509 —0.0058 —0.0043 —0.0009
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Table 4

PCA feature loadings for the principal components (discharging).
Feature PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10
RMSF 0.8528 0.4373 0.2193 —0.1000 0.1292 0.0641 0.0102  —0.0541 —0.0204 -0.0017
Maximum strain 0.7483 0.6471 0.0492  -0.0135 0.1043 0.0850 -0.0072  -0.0239 0.0260 0.0026
Mean strain 0.5105 0.6468 —-0.5125 0.1832 0.0824 0.1177 —0.0113 0.0694 —0.0075 —-0.0010
Crest factor —0.6640 0.6820 0.0576  —-0.0961 0.2333 —0.1152 —0.1200 0.0052 0.0022  -0.0097
Shape factor —0.2758 0.9061 -0.1522  -0.0503 -0.1841 —0.0350 0.2067  —-0.0065 0.0014  -0.0065
Minimum strain —0.5946 0.3275 —0.6787 0.1651 —0.1584 0.1028 -0.1167 —0.0534 —0.0015 0.0002
Kurtosis -0.6394  -0.0061 0.6357 0.3837 0.1625 0.0880 0.0784  -0.0133 —0.0001 —0.0007
Frequency center -0.6779  —-0.4571 —0.4194 -0.2610 0.2013 0.2024 0.0823 —0.0001 0.0012 0.0000
Impulse factor —0.5703 0.8101 —0.0016 —0.0658 0.0815 —0.0870 0.0182 0.0034 —0.0052 0.0150
Skewness —-0.3225 0.4393 0.7696  —-0.1652 —0.2066 0.1844 —0.0829 0.0253 —-0.0013 —0.0001

Fig. 17. Scree plot of the principal components and cumulative explained
variance plot for: (a) charging and (b) discharging features.
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Appendix 6

This Appendix compiles supplementary materials that support, but
are not essential to, the main narrative. Here the complete cycle-
wise strain for all cells are presented. Furthermore, Cycle-100 charge/
discharge snapshots for Cells B and C and the full Spearman corre-
lation analyses for charging and discharging (matrices and inter-cell
summaries) are provided for completeness and reproducibility.

6.1. 3D charge—discharge cycles

Fig. 18 shows 3D subplots of strain as a function of time (x-axis) and
cycle number (y-axis) for cells A, B, and C. The left column displays
charging traces and the right column discharging traces.

6.2. Charge cycle

Figs. 19-22 show cycle 100’s charge and discharge data for cells B
and C. The charge and discharge data at cycle 100 for cell-A was shown
in Fig. 7.

6.3. Spearman correlations

Figs. 23-26 report Spearman rank correlations for both charging
and discharging. The matrices (Figs. 23 and 24) summarize within-cell
associations among features with per-feature scores, while the bar plots
(Figs. 25 and 26) aggregate inter-cell agreement to assess consistency
across Cells A-C.

6.4. Cell a variability

Fig. 27 reports distributional evolution of four mechanical features
across early-life, mid-life, and late-life cycling for cell A. Histograms
illustrate how the underlying distributions shift and widen as the cell
ages. Early-life cycles exhibit loose, unstable distributions, whereas
mid-life and late-life cycles show substantial reductions in central
tendency and increased variability.
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Fig. 18. Charging and discharging cycle-wise strain for cells A, B, and C.
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Fig. 19. Cycle 100 charge data for cell-B.

Fig. 20. Cycle 100 discharge data for cell-B.
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Fig. 21. Cycle 100 charge data for cell-C.

Fig. 22. Cycle 100 discharge data for cell-C.
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Fig. 23. Charging Spearman correlation matrix and score for each feature extracted from cell’s A, B, and C.

17



M. Flemming II et al. Journal of Energy Storage 178 (2026) 123341

Fig. 24. Discharging Spearman correlation matrix and score for each feature extracted from cell’s A, B, and C.
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Fig. 25. Charging bar plot representing Spearman correlations between cells.

Fig. 26. Discharging bar plot representing Spearman correlations between cells.
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Fig. 27. Early-life, mid-life, and late-life variability statistics for maximum strain, RMSF, mean strain, and center frequency.

Data availability

Data used in this work is available through a public repository.

Dataset-1 (Original data) (dataset-cycling-with-strain-monitoring-for-
samsung-30Q-cell).
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