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ARTICLE INFO ABSTRACT

Dataset link: (Link) Accurate state-of-charge (SOC) estimation is essential for optimizing battery performance, ensuring safety,
and maximizing economic value. Conventional current and voltage measurements, however, have inherent
limitations in fully inferring the multiphysics-resolved dynamics inside battery cells. This creates an accuracy
barrier that constrains battery usage and reduces cost-competitiveness and sustainability, across industries
dependent on battery technology. In this work, we introduce an integrated sensor framework that combines
novel mechanical, thermal, gas, optical, and electrical sensors with traditional measurements to break through
this barrier. We generate three unique datasets with eleven measurement types and propose an explainable
machine-learning approach for SOC estimation. This approach renders the measured signals and the predictive
result of machine learning physically interpretable with respect to battery SOC, offering fundamental insights
into the time-varying importance of different signals. Our experimental results reveal a marked increase in SOC
estimation accuracy — enhanced from 46.1% to 74.5% — compared to conventional methods. This approach not
only advances SOC monitoring precision but also establishes a foundation for monitoring additional battery
states to further improve safety, extend lifespan, and facilitate fast charging.
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1. Introduction

Lithium-ion (Li-ion) batteries have become indispensable across
a spectrum of high-impact applications, spanning electric vehicles,
renewable energy storage, and portable electronics [1-3]. While elec-
tromobility and smart grids drive the clean energy transition, portable
electronics sustain the quality and continuity of modern life. Despite
the widespread use of batteries, many significant challenges remain,
such as safety concerns, premature aging, and low efficiency, all of
which constrain their cost-benefit and sustainability [4,5]. Addressing
these multifaceted challenges requires the development of sophisticated
battery management systems (BMS) capable of high-fidelity, real-time
monitoring and predictive analytics of battery states.

Among all key battery states, the state of charge (SOC) is fun-
damental for achieving various BMS functionalities [6-8], including
charge-discharge control, cell balancing [9], estimation of energy [10,
11] and health states [12,13], and prediction of power capability [14,
15] and lifetime [16]. Physically, the SOC of a battery cell reflects
the average Li-ion concentration within anode particles, a quantity
that cannot be directly measured. Research on SOC estimation began
in 1993, shortly after Sony’s 1991 invention of Li-ion batteries, with

* Correspondence to: Maskingrind 2, Goteborg 41258, Sweden.

publications in this field growing exponentially to date (see Supplemen-
tary Materials Fig. 1), underscoring its popularity and significance. As
claimed by a magnitude of sophisticated methods in the state of the art,
the estimation accuracy has progressed steadily, resulting in average
errors now between 0.4% and 1.1% [17]. However, often plagued
by applicability and practicability issues, these advanced methods are
rarely implemented into real-world battery usage, putting the state of
the industry far behind. SOC estimators typically yield a maximum
error of 3%-5%, influenced by factors such as battery chemistry, usage
profiles, environmental conditions, and sensor precision [17,18]. This
limited accuracy constrains the usable SOC range to 90%-94% to avoid
overcharging or deep discharge. With the global Li-ion battery market
projected to reach $400 billion by 2030 [19], this 6%-10% capacity
limitation simply translates to an economic loss of USD$24-40 billion.
Furthermore, such low capacity utilization can significantly hinder the
sustainability of batteries, posing challenges for the global green energy
transition.

Accurately monitoring SOC is a fundamentally challenging task due
to complex multiphysics inherently involved in a battery cell [20]. Dur-
ing battery operation, coupled electrochemical, thermal, and mechan-
ical dynamics are triggered in multiple domains and timescales [21],
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all of which can affect the value of SOC. In the short term, SOC is
influenced by charge transfer rates at the electrode surface, lithium-ion
diffusion within electrodes, and polarization effects at the electrode—
electrolyte interface [22]. Rapid charge transfer enables quicker SOC
adjustments, while slower diffusion limits dynamic response and SOC
equilibrium. Additionally, internal resistance and associated thermal
effects induce transient voltage changes, affecting SOC estimation accu-
racy. Long-term SOC estimation is further complicated by degradation
processes, including active material breakdown, solid-electrolyte inter-
phase (SEI) layer growth [23], lithium plating on the anode, electrolyte
decomposition, and structural changes in electrode materials [24].
These collectively reduce battery capacity and increase internal resis-
tance, requiring regular calibration to maintain SOC accuracy. Spatial
heterogeneities, such as phase variations within electrodes [25] and
thermal gradients [26], add additional complexity by causing non-
uniform lithium distributions. Together, these processes, compounded
by ambient environment fluctuations and measurement noise [27],
complicate the task of SOC estimation.

Due to these challenges and its great importance, many methods
have been proposed for SOC estimation over the past two decades,
broadly classified into empirical, model-based, and data-driven ap-
proaches [28,29]. Empirical methods rely on predefined relationships
and historical patterns [30]; model-based methods use either equiv-
alent circuit or electrochemical models to capture battery dynam-
ics [31,32]; and data-driven techniques leverage machine learning
to predict SOC from historical and real-time data [33,34]. Recently,
innovative machine learning methods that integrate physical knowl-
edge [35] and cross-domain transfer learning [36,37] have emerged as
promising strategies for enhancing SOC estimation accuracy. Physics-
informed neural networks (PINNs), which explicitly incorporate elec-
trochemical principles, significantly improve model robustness across
diverse cell chemistries and operating conditions [12,38,39]. For in-
stance, Tian et al. demonstrated that a physics-informed deep learning
method markedly improved SOC prediction, reducing the root mean
square error and maximum absolute error by 30.9% and 64.9%, re-
spectively [40]. Additionally, transfer learning approaches allow pre-
trained models to adapt efficiently to new battery types and cycling
conditions using minimal additional data, greatly reducing training
time and data requirements [36,37]. These methods have contributed
valuable insights, leading to incremental advances in SOC estimation.
For these existing methods, current and voltage are the primary in-
puts [41]. Yet, as discussed, SOC is influenced by a variety of internal
and external factors, meaning that current and voltage signals may in-
herently not contain sufficient information to fully infer SOC evolution.
This limitation can create a “glass ceiling”, regardless of the method
employed.

Incorporating additional sensors beyond current and voltage could
provide crucial insights for fully characterizing battery dynamics. Re-
searchers are increasingly exploring novel sensing techniques for bat-
tery management. For example, impedance spectroscopy offers valu-
able information on internal resistance, revealing degradation patterns
and enabling predictions of future battery performance [4]. Cell expan-
sion, which strongly correlates with battery aging, allow for capacity
estimation over a narrower SOC range than electrical signals [42].
Force sensors have been employed to detect internal lithium plating,
potentially facilitating lithium-plating free charging protocols [43].
Acoustic sensors provide real-time monitoring of structural changes
within the battery, making it possible to early detect failures [44,
45]. Additionally, fiber optic sensors can characterize internal material
properties, offering deeper insights into chemical and electrochemical
reactions, such as the oxidation and reduction of active materials [46—
48]. These advancements are all driving the field of battery manage-
ment forward. However, a significant gap remains in what sensors
should be deployed and how to integrate their signals for achieving
the optimal performance.
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In this work, we propose an integrated sensor framework that
leverages novel mechanical, thermal, gas, optical, and electrical sensors
with traditional measurements to fundamentally improve and analyze
Li-ion battery SOC estimation. Using battery cells of varying chemistries
and under diverse conditions, we collect three unique datasets com-
prising eleven types of measurements. Building upon these datasets,
we propose an explainable machine-learning approach, which makes
the input signals and output predictions physically interpretable. Our
experimental results show a significant improvement in SOC estimation
accuracy over traditional methods. Specifically, the inclusion of ex-
pansion and surface temperature signals increases accuracy by 74.5%,
the addition of optical signals improves accuracy by 46.1%, and the
integration of battery force and anode potential signals contributes to
60.6% higher accuracy.

2. Results

In this study, we investigate the SOC estimation of three types of
cells using a dual-layer long short-term memory (LSTM) model (see
Methods). A total of eleven signals are recorded using different sensors,
and three novel signal combinations are explored: cell expansion and
surface temperature, internal optical signals, and cell force coupled
with electrode potential. The following sections present detailed results
for each of these signal combinations, demonstrating their impact on
SOC estimation.

2.1. Cell expansion and surface temperature signals

As shown in Fig. 1b, the measured signals include current (I),
voltage (V), cell expansion (E), and surface temperature (T) (see Sup-
plementary Materials Fig. 2 for details). We found that the inclusion
of additional signals can significantly reduce the estimation error.
Specifically, as shown in Fig. le¢, the mean absolute error (MAE) for
SOC estimation using the conventional signals of current and voltage
is 0.17%. By comparison, when conventional I-V signals are excluded,
using only E-T signals achieves an MAE of 0.51%. Here, T denotes a
vector that includes surface temperature (T), and its high-frequency
component (T ), and low-frequency component (7} ) (see Supple-
mentary Materials Fig. 3 for details). Although this accuracy is lower
than that of the -V combination, it illustrates a strong correlation
of these alternative signals with cell SOC. More importantly, when
temperature and expansion are combined with current and voltage,
the MAE is reduced to 0.04% (see Supplementary Materials Fig. 8
for detailed results), representing a 74.5% improvement in accuracy
over the -V only approach. This reveals a promising pathway for
achieving a step change, rather than incremental improvements, in SOC
estimation.

In addition, our study reveals that decomposing surface tempera-
ture (T) into high-frequency (T ) and low-frequency (7} ) compo-
nents can enhance the accuracy performance of the machine learning
model. This approach reduces the MAE by 13.7%, 24.0%, and 40.2%
across three different scenarios (see Supplementary Materials Fig. 4).
Despite varying degrees of improvement, the accuracy consistently
increases, indicating that temperature decomposition enables more
effective information extraction. Specifically, T primarily captures
thermal effects from cell cycling, while T, mainly represents am-
bient temperature fluctuations (see Supplementary Materials Fig.3).
Decomposing these signals allows the model to process distinct types of
information more effectively. The synergy between these components
leads to improved accuracy, as illustrated by the compensation of low-
frequency variations in expansion by T} ;. (see Supplementary Materials
Fig. 5). While it may be possible for machine learning models to
achieve similar results using surface temperature alone, doing so would
require more complex models and long-term datasets. By integrating
domain knowledge, we achieve an accurate and data-efficient solution
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Fig. 1. Schematic representation and major results for the cell with displacement sensor. The studied signals include cell expansion (E), and conventional measurements,
i.e., voltage (V), current (I), and surface temperature (T). a Illustration of the test apparatus for a cell. b Three cycles of recorded signal data. ¢ SOC estimation results using
different signal combinations (the statistical results presented here are steady-state errors, i.e., with the estimation error falling within 5%). d-h Sensitivity analysis highlighting the
significance and contributions of different signals across five scenarios. Here, T represents a composite of three temperatures—surface temperature (T), high-frequency component

(Tyr), and low-frequency component (7, ) (see Supplementary Materials Fig. 3).

(more analysis about this temperature decomposition could be found
in Supplementary Materials Figs. 6-7).

To examine the contributions of different signals during charging
and discharging phases, we propose a novel sensitivity index ¢ (see
Methods). This index enables us, for the first time, to make input
signals clearly interpretable in relation to battery SOC. By leveraging
this index, we provide a fundamental understanding of the time-varying
importance of different signals and quantify their individual contribu-
tions and limitations to estimate SOC. As a result, we can identify the
“accuracy barrier” in SOC estimation for any set of input signals and
explain how and why the inclusion of additional signals can enhance
accuracy. As illustrated in Fig. 1d-h, ¢ reveals the relative importance
of different signals across five scenarios, each representing a distinct
signal combination, i.e., VI, ET, VIT, VIE, and VIET, corresponding
to the violin plots in Fig. 1c. In general, voltage consistently exhibits
a high ¢-value in scenarios that include it, indicating its critical role
in SOC estimation due to its ability to reflect SOC. Additionally, our
analysis of the expansion and temperature signals (Fig. 1e) reveals that
expansion has a more pronounced impact on SOC estimation compared
to temperature.

To demonstrate the novel time-varying sensitivity index, we present
an example in Fig. 2, where all signal types are incorporated. It high-
lights the importance of the voltage signal, as indicated by its con-
sistently high ¢-values across different conditions. Specifically, during
the initial phase of the constant-current (CC) charging process, the
voltage signal is crucial as it provides an initial estimation of the SOC.
However, as the process progresses, the importance of voltage decreases
while the influence of the current signal grows, likely due to the ease
with which coulomb counting can be learned by machine learning
models during CC charging. During the dynamic discharge process, the
contribution of the voltage decreases in the mid-part, probably due to
the voltage plateau where changes in voltage are small. Concurrently,
an increase in ¢;, indicative of the growing influence of the current
signal, is observed. Generally, the current and voltage signals exhibit
complementary behavior; when the sensitivity of one decreases, the
other tends to increase, thereby maintaining high model accuracy.

Regarding the expansion signal, its primary contribution is evident
during the CC charging process, where its sensitivity index ¢ increases

from an already high baseline, effectively complementing the voltage
index (i.e., ¢y ). Additionally, it remains significant towards the end
of the discharge process. The surface temperature mainly contributes
at the onset of the CC charge and during the mid and final stages
of discharge. These findings highlight that the integration of temper-
ature and expansion signals synergistically enhances the performance
of the machine learning model with remarkably increased accuracy
(improved by 72.2%).

The results presented above are obtained with regular SOC cal-
ibration to mitigate the effects of battery aging. SOC calibration is
straightforward in a controlled laboratory setting, where it is well-
established that SOC reaches 100% at the end of CC-CV charging and
can be fully discharged to a predetermined lower voltage. However,
in practice, regular SOC calibration is costly and typically requires
service center intervention, while battery aging gradually affects SOC
profiles (see Supplementary Materials Fig. 11). To also explore the
performance of different sensors under uncalibrated conditions, we
repeat the procedure, and the findings are presented in Supplementary
Materials Figs. 12-15. First, we find that new signals become more
critical in the absence of SOC calibration. For instance, incorporating
temperature and expansion improves accuracy by 90.1% compared to
using only V-I signals. Second, the expansion signal gains significant
importance, surpassing the current signal in ¢ (see Supplementary
Materials Figs. 13 and 15). This is likely due to the expansion signal
exhibiting an irreversible increase (Supplementary Materials Fig. 5a),
which aids the model in accounting for the aging effects on SOC pro-
files, thereby enhancing accuracy. Third, the expansion’s contribution
is notably larger than that of the temperature, as indicated by the
sensitivity index (Supplementary Materials Fig. 15). It indicates that
the expansion plays a primary role throughout the entire dynamic
discharge process, particularly when both voltage and current are at
low g-values. In contrast, the contribution of temperature is confined
to a narrower range within the dynamic discharge process. As a result,
as shown in Supplementary Materials Fig. 12, the V-I-E fusion yields
substantially higher accuracy compared to the V-I-T combination. This
serves as an example of how the sensitivity index can be used to
interpret the outcomes of machine learning models. Overall, regardless
of whether SOC calibration is performed, integrating the additional
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drive cycle discharge. Note that T refers to the original cell surface temperature. For complete results including the high-frequency component (7}, ) and low-frequency component

(T, f), refer to Supplementary Materials Figs. 9-10.

sensors consistently and significantly enhances accuracy. Additional
validation is conducted under different operating conditions, including
low temperatures and high C-rate cycling, as shown in Figs. 16-19
of the Supplementary Materials. Each validation case involves differ-
ent battery cells characterized by different aging states and operating
conditions, and each dataset is exclusively used for both training and
validation within its respective scenario. The results further confirm the
robustness and broad applicability of the proposed multi-sensor fusion
approach.

2.2. Cell internal optical signals

Fiber optic evanescent wave sensors represent a novel approach
for monitoring chemical and electrochemical reactions within batter-
ies [46-48]. In this study, we explore, for the first time, the application
of such sensors to estimate the SOC in batteries. The sensor is embed-
ded within a cell and placed in direct contact with the cathode (see
Methods). It measures both light intensity (@) and peak wavelength (4),
with the signal profiles shown in Fig. 3b (see Supplementary Materials
Fig. 27 for additional details). Our results show that incorporating op-
tical signals obviously enhances SOC estimation accuracy. Specifically,
Fig. 3¢ shows that using @ and 4 reduces the MAE to 0.31%, compared
with 0.58% when relying only on current and voltage measurements—a
46.1% improvement in accuracy (see Supplementary Materials Fig. 29
for a time-resolved analysis). In addition, even without -V signals,
optical signals alone achieve an MAE of 0.61%, indicating their cor-
relation with the battery’s internal state (more information can be
found in the Section ‘Fiber-optic evanescent wave sensor’ of the Sup-
plementary Materials). Beyond this, the optic fiber sensor may be used
for other purposes in battery research and development, due to its
ability to provide insights into the diffusion and intercalation processes
inside a battery cell. Potential future applications include enhanced
aging monitoring, internal fault detection, thermal management, and
improvements in fast-charging technology.

The contribution of different signals is quantified through the pro-
posed sensitivity index ¢. As shown in Fig. 3d-h, the index highlights
the significance of different signals across five scenarios, representing
the signal combinations VI, ®A, VI®, VI, and VId4A, each cor-
responding to one of the violins in Fig. 3c. In general, voltage and
current are identified as the most critical signals according to their

high ¢@-values. Although the optical signals exhibit lower sensitivity
index values, they provide crucial supplementary information about
material phase changes and solution concentrations [46,47], which are
inaccessible through voltage and current measurements. Hence, the
inclusion of these optical signals significantly enhances the accuracy.

One noteworthy finding is the increased importance of the current
signal and the decreased importance of the voltage signal compared to
the results shown in Fig. 1d, which involved a displacement sensor. This
change can be attributed to the use of a constant-voltage (CV) charging
mode, where the voltage remains constant while the SOC continuously
increases (see Supplementary Materials Fig. 28). In this mode, the
voltage signal provides limited information about SOC, resulting in
its reduced contribution. To show more details, the evolution of the
sensitivity index throughout the cycling is given in Supplementary
Materials Figs. 30-31. During the CV charging phase, ¢, is significantly
reduced, while the current signal gains prominence, though only at
the onset of the CV phase. This indicates the presence of an “accuracy
barrier”, where neither the voltage nor the current provides adequate
information for accurate SOC estimation during CV charging, as both
¢y and ¢; exhibit low values. This aligns with the SOC estimation
results over time (Supplementary Materials Fig. 29c), where higher
errors are observed during the CV phases. In addition, during the
CC discharge phase, the importance of the current signal is evident,
consistent with the findings in Fig. 2 on its relevance in CC processes.

In terms of optical signals, the intensity is particularly significant
during the CC discharge and rest periods, where its influence overlaps
with that of current and voltage (see Supplementary Materials Fig. 31).
In contrast, the peak wavelength is distinctive, as its primary contri-
bution occurs during the CV charging phase, making it essential to
compensate for the limited information from the other three signals.
This explains why the combination of voltage, current, and peak wave-
length (V-1-2) achieves higher accuracy than the combination using
intensity (V-1-®), as shown in Fig. 3c.

2.3. Cell force and electrode potential signals

We also investigate the use of electrode potentials, force, internal
temperature, and gas pressure, in estimating the SOC of a Li-ion battery.
These signals are obtained using a test cell equipped with sensors for
current, voltage, force, temperature, and gas pressure, as shown in Fig.
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4a. The signal profiles are presented in Fig. 4b (see Supplementary
Materials Fig. 32 for further details). This study explores different
combinations of these signals to optimize SOC estimation. Initially,
we assess the impact of incorporating novel signals into traditional
measurements (i.e., ¥V and I). The results show that adding anode
potential and force signals substantially improves the accuracy. Specif-
ically, the inclusion of these two signals reduced the MAE from 0.24%
to 0.10%, increasing the accuracy by 60.6%, as shown in Fig. 4c (see
Supplementary Materials Figs. 33—-34 for the error trajectories).

The contributions of all involved signals are quantified by the
proposed sensitivity index (¢), as shown in Fig. 4d-g. It indicates the
importance of different signals across four scenarios, i.e., the signal
combinations VI, VIF, V Iy, and V InF, each corresponding to one of
the violins in Fig. 4c. Voltage and anode potential emerge as the most
critical signals, with high ¢-values. This is attributed to their direct
correlation with the SOC, governed by the stable relationship between
the open circuit potentials and SOC. In contrast, although the force
signal exhibits lower @-values, it provides auxiliary information mainly
into the anode material intercalation and de-intercalation processes,
phenomena that the electrical signals alone cannot well characterize.
Therefore, including the force signal further enhances estimation accu-
racy: the MAE decreases from 0.12% to 0.10% when changing from the
V In combination to the V InF, representing an accuracy improvement
of 22.9% (Fig. 4c).

Another key finding is that the contributions of voltage and current
exhibit high similarity to the results obtained from the cell with a
displacement sensor (compare Fig. 4e with Fig. 1d). This can be at-
tributed to the similar battery chemistry and test procedure, specifically
the CC-CV charging followed by dynamic discharge. This consistency
underscores the reliability of the proposed index in interpreting signal
contributions. When examining this index over time (see Fig. 2 and Sup-
plementary Materials Fig. 35), its evolution patterns remain consistent.
For instance, the ¢, value shows a V-shaped pattern during both the CC
charge and dynamic discharge processes in both cells. The reciprocal
relationship between current and voltage signals is evident, explaining
their combined effectiveness in SOC estimation.

The anode potential signal primarily influences the later stages of
CC charging and dynamic discharge, effectively complementing the

current signal (see Supplementary Materials Fig. 36). Notably, the
anode potential’s contribution closely resembles that of the voltage, as
@, is similar to ¢, across different cycling stages. This can be explained
by the relationship V' = yw—#. However, clear differences emerge during
specific phases, such as the end of dynamic discharge and the onset
of CV charging, where the anode potential contributes more than the
voltage. This indicates that anode potential provides unique insights
not fully captured by voltage, even though voltage contains much of
the information related to anode potential. Moreover, the force signal
offers distinctive contributions during periods when both voltage and
current show reduced ¢-values, while the force signal’s ¢ increases.
These instances occur at the end of dynamic discharge, the start and
middle of CC charging, and the middle of dynamic discharge. Together,
the anode potential and force signals help overcome the ‘“accuracy
barrier” by providing complementary information under certain con-
ditions. Consequently, integrating these signals significantly improves
the model’s performance, boosting accuracy by 60.6%.

2.4. Discussion of feasibility and applicability

We evaluate eleven types of signals in this study to assess their
potential for improving SOC estimation for Li-ion batteries. Our re-
sults demonstrate that integrating additional signals can significantly
enhance SOC estimation accuracy. However, the objective of this work
is not to replace conventional SOC estimation signals (i.e., current
and voltage), which remain highly effective, but rather to complement
them, enhancing overall accuracy and reliability.

Implementing multi-sensor integration in real-world BMS poses sev-
eral challenges. Not all signal types provide equal contributions to
improving SOC estimation. For instance, our findings indicate that
cathode potential, internal temperature, and gas pressure offer mini-
mal improvements in SOC accuracy. The minimal impact of internal
temperature observed in this study could be attributed to the small
size and low heat generation in coin-type test cells. Nonetheless, these
measurements might be highly beneficial for other critical purposes,
such as battery aging estimation and fault monitoring.

Signals related to cell expansion, surface temperature, light inten-
sity, wavelength, anode potential, and mechanical force substantially
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enhance SOC accuracy when integrated with current and voltage.
Among these, surface temperature is already routinely monitored at the
module or pack level, making it the most accessible additional mea-
surement for immediate integration. Cell expansion and mechanical
force measurements also have substantial potential, given their ease of
implementation through inexpensive and compact sensors. Neverthe-
less, real-time computational requirements and signal synchronization
remain practical challenges for multi-sensor systems, though contin-
ued advancements in computational technology should mitigate these
issues in the near future. Particularly, this study demonstrates that
employing an LSTM network for SOC estimation incurs only a mini-
mal increase in computational cost when integrating multiple sensor
signals. For example, in the case described in Section 2.1, the elapsed
computational time per step increased marginally from 5.98 us for the
V-I inputs to 6.01 ps when including cell expansion and temperature
data (VIET inputs).

Regarding optical signals, specifically the light intensity and wave-
length measured by fiber-optic sensors, we recognize their primary
value currently being within research. Their implementation in com-
mercial battery cells is complicated by invasive installation require-
ments, as optical fibers must directly penetrate the cell and interface
with electrode materials. Additionally, the instrumentation, includ-
ing specialized light sources and spectrometers, still tends to be far
too expensive for widespread commercial deployment. Nonetheless,
fiber-optic sensing offers exceptional capabilities for research purposes
by providing valuable insights into internal material properties and
chemical or electrochemical reaction mechanisms [46-48].

Beyond the above sensing methods, electrochemical impedance
spectroscopy (EIS) and acoustic sensing techniques also offer promising
capabilities for battery SOC estimation. EIS is a robust diagnostic tool
particularly valuable for battery SOH evaluation, as it provides insights
into internal degradation mechanisms and associated patterns [4,49].
For example, EIS-enabled AFE chips from Analog Devices can measure
a battery’s impedance, allowing for the detection of battery degrada-
tion [50]. For SOC estimation, EIS primarily contributes by supplying
critical aging information, aiding in the calibration of battery models.

This calibration, in turn, enhances the accuracy and robustness of SOC
estimation, particularly in aged cells [51,52].

Acoustic sensing has also emerged as a promising alternative for
estimating battery SOC by exploiting the mechano-electrochemical in-
teractions within Li-ion cells. During charge and discharge cycles,
internal battery properties, including elastic modulus, density, and
structural dimensions, undergo changes that significantly affect acous-
tic wave propagation [53]. Parameters such as the time of flight and
signal amplitude of acoustic waves can reflect these mechanical prop-
erties [54,55]. In this study, we also investigate the integration of
acoustic signals for battery SOC estimation. Our findings demonstrate
an obvious improvement in SOC estimation accuracy when acoustic
data is incorporated. This aligns well with our previous observations
using mechanical, thermal, and optical signals, confirming the robust-
ness and effectiveness of our proposed multi-sensor approach. The
detailed results can be found in the Supplementary Materials (see
Figs. 43-45). For its real application, as an example, Volvo Trucks
has developed a prototype acoustic early-warning system that detects
infrasound generated by gas bubbles forming within a battery cell, a
subtle early indicator of thermal runaway, enabling intervention before
temperatures rise dangerously [56].

3. Conclusions

While SOC reflects the coupled multiphysics within battery cells,
existing BMS heavily relying on current and voltage measurements
alone is fundamentally limited in accurately tracking SOC evolution.
To overcome these limitations, we have developed an explainable
machine-learning approach to integrate novel mechanical, thermal,
gas, optical, and/or additional electrical sensors with traditional mea-
surements. This approach is capable of physically interpreting and
quantitatively evaluating the dynamic contributions of individual input
signals, thereby providing a theoretical foundation for optimized sensor
deployment and utilization.

Extensively trained and tested on three unique datasets comprising
eleven different signals, this multi-sensor fusion approach demon-
strated a transformative enhancement in SOC estimation accuracy
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across Li-ion batteries of diverse chemistries and operating conditions.
Specifically, we achieved improvements of 46.1% to 74.5% over tradi-
tional methods based solely on voltage and current. As a result, the SOC
operating window, which has previously been constrained overly con-
servatively, can now be safely and more accurately extended, yielding
substantial economic and environmental benefits for industries along
the battery value chain. Beyond SOC estimation, this machine learning
sensor fusion approach holds promise for advancing the monitoring
of other critical battery states, ultimately promoting safer and more
efficient battery usage. Future experimental investigations will further
explore its applicability and validate the broader potential benefits.

4. Methods
4.1. Experimental and data generation

Three different types of cells were used in this work. They are
laboratory-fabricated NMC/graphite pouch cells [42], commercial
AMTE NMC/graphite pouch cells, and NMC/graphite coin cells. For
each cell type, different sensors were employed to obtain in total eleven
different signals, including battery expansion, force, gas pressure, in-
ternal and surface temperatures, light intensity and peak wavelength,
anode and cathode potentials, current, and voltage. The specifications
of these cells are summarized in Supplementary Materials Table 1.
Testing these cells yielded three comprehensive datasets.

Each of the laboratory-fabricated NMC/graphite pouch cells was
mounted in a fixture (see Fig. 1a) and placed in a climate chamber
(Cincinnati Ind., USA), where cell expansion was monitored using a
displacement sensor (Keyence, Japan). The climate chamber controls
the cell’s ambient temperature during cycling, with temperature read-
ings taken via a K-type thermocouple (Omega, USA) positioned on the
cell’s surface. Initially, the cell was charged at a constant current (CC)
of 1.5C, corresponding to 7.5 A, until the voltage reaches 4.2 V. This CC
phase was followed by constant voltage (CV) charging until the current
fell below C/50. Subsequently, discharge commenced until the depth
of discharge (DoD) reached 50%, following a synthetic drive cycle
to mimic electric vehicle (EV) operation (depicted in Supplementary
Materials Fig. 2). Further details on the conducted tests can be found
in Ref. [42].

The AMTE NMC/graphite pouch cell was assembled with a fiber
optic sensor embedded between the separator and cathode (see Fig. 3a),
and was placed in a room maintained at approximately 25 °C . In this
configuration, the sensor’s surface was in direct contact with the cell’s
cathode material and surrounded by electrolyte. During cycling, the
cathode material composition and electrolyte concentration evolved,
altering the absorption of specific light wavelengths. This resulted in
variations in both the detected light intensity and peak wavelength,
thereby providing new insights into previously unavailable internal
information. Light signals were monitored using a fiber optic sensor
(Insplorion AB, Sweden), while battery cycling was performed using a
battery cycler (Biologic, France). The test data used to estimate the SOC
comprised cycles involving constant voltage charging, constant current
discharge, and rest periods. During CV charging, a voltage of 4.2 V was
maintained until the current decreased to 1/20 C (0.45 A), followed by
a CC discharge at 1.5 C until the voltage reached 2.7 V, and a rest
period of 10 min concluding each cycle.

The NMC/graphite coin cell was assembled using a PAT-Cell-Force
setup (El-Cell, Germany), equipped with sensors for current, voltage,
force, temperature, and gas pressure. This configuration enabled seven
different measurements, as shown in Fig. 4b. In addition, the cell
channel itself functioned as a tester to control the applied current.
Testing was conducted at room temperature of approximately 25 °C.
The obtained data included cycles involving CC charging, CV charging,
and dynamic discharge processes, specifically the dynamic stress test
(DST). During CC charging, a current of 2.5 mA (0.5 C) was applied
until the voltage reached 4.2 V. This was followed by CV charging at
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4.2 V until the current decreased to 0.1 mA (C/50). A 10 min rest period
was then applied. Subsequently, the DST was implemented until the
voltage dropped to 2.5 V, completing one cycle.

The observed changes in sensor signals directly reflect battery struc-
tural evolution and internal electrochemical processes. For example,
Li-ion batteries expand/contract during cycling due to Li-ion interca-
lation/deintercalation within electrode materials. Upon charging, the
graphite anode expands (around 13% by volume), while the cathode
undergoes minor contraction (e.g., around 3% for NMC cathodes, and
1% for lithium cobalt oxide cathodes) [43]. Given the anode’s dominant
volume change, full-cell mechanical responses primarily reflect electro-
chemical processes occurring at the graphite anode. When the battery
cell is mechanically constrained or fixed, these structural changes are
translated into measurable variations in mechanical force. In addition,
fiber-optic sensors detect internal battery state changes through the
interaction of evanescent waves with the electrode materials (more
information can be found in the Section ‘Fiber-optic evanescent wave
sensor’ of the Supplementary Materials). For these sensors, the in-
put light with constant intensity and wavelength interacts with the
surrounding battery materials; changes in material composition or
structure alter the evanescent wave absorption, thereby modulating
the output optical signals. Consequently, Li-ion cycling affects both
the intensity and peak wavelength of the fiber-optic sensor’s outputs,
facilitating monitoring of internal electrode conditions.

4.2. Explainable machine-learning model

(1) Selection and formulation of the base model. Recurrent neural
networks (RNNs) are a specialized class of artificial neural networks
designed to recognize patterns in sequential data. They are applicable
to a variety of time-series tasks, such as speech recognition, natural
language understanding, and machine translation [57]. Despite their
versatility, classical RNNs struggle with long-range dependencies due
to vanishing or exploding gradients—issues that compromise their
ability to learn from extended sequences [58]. Long short-term memory
networks (LSTMs) were introduced to address these limitations and
have since become widely used [58,59]. LSTMs enhance performance
through a gating mechanism that regulates information flow, selec-
tively retaining or discarding data to preserve critical information over
prolonged intervals. This capability makes LSTMs particularly valuable
for complex tasks involving extensive contextual data, such as time
series estimation and predictions such as those in this study. Moreover,
LSTMs excel in capturing the nonlinear dynamics of complex systems
without requiring feature construction or engineering [58]. In this
work, we leverage LSTMs to conduct a fair and systematic compar-
ison of multiple sensors and their combinations in SOC estimation
under diverse operating conditions. This approach aims to provide
robust, feature-independent insights that can inform sensor selection
and enhance SOC estimation accuracy.

In our machine learning models, the input sequence comprises
data from different sensors, e.g., measurements of cell expansion, light
intensity, voltage, and current, while the SOC values form the output
sequence. These labeled input-output data samples for training the
LSTM models are mathematically defined within the dataset D

D= ((P131) a9 o s P s e Pags va) s <))

where y, represents the SOC calibrated at time step k in a well-
controlled laboratory environment with high-resolution sensors, and it
plays the ground truth. M is the size of the training set. ¥, is the cor-
responding vector of inputs, defined as ¥, = [&(k), ..., & k), ..., E (k)]
where ¢(k) is the /th signal measured from the battery at k, and L is
the number of signals. We choose a LSTM model with two layers, each
with 100 hidden units. The operations of each hidden unit with the
input, forget, and output gates can be formulated as [58,60]

Input gate: ir=o0 (Wq,,_'z"k + Wy D1 + b,-) , (2)
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Forget gate: fi=o (W,,fll’k +W, i + bf> , 3)
Cell state update: C; = tanh (W.,,CTk +W, Peoi + bc> , @
Final cell state: C, = f,C,_; +i,Cy, (5)
Output gate: O,=c (W%Tk + W, it + bo) , (6)
Final output: $ = Oy tanh (G, ), )

where ¢ denotes the sigmoid function, tanh is the hyperbolic tangent
function, W and b represent the weight and bias, respectively, and y is
the model-predicted output.

(2) The explainable model enabled by time-varying sensitivity.
Existing machine learning models are typically evaluated only on their
final predictions, leading them to be labeled as “black boxes” [61].
Shapley values, derived from cooperative game theory, are widely
used to interpret feature contributions and importance in machine
learning predictions [62,63]. However, classical Shapley values exhibit
limitations when applied to complex models, especially deep learning
frameworks handling time-series data [64]. Specifically, the assumption
of feature independence underpinning Shapley values largely restricts
their interpretability for time-series data, where features are inherently
interdependent and sequentially structured.

To overcome these limitations, we propose a novel sensitivity index
designed explicitly for LSTM-based time-series models, enabling the
real-time quantification of signal contributions. The proposed time-
varying sensitivity index is defined as:

H
@ (k) = Z P |f (Piessrze) = ((Prosrelé = ‘El,h})" ®
hml

where ¢, (k) represents the sensitivity index for the /th signal at time
step k, H denotes the number of intervals into which the signal is
divided, & is the index of the interval, and f(-) is the trained LSTM
model specified by Egs. (2)-(7). The term (¥,_g,,.;) indicates the set
of all L input signals within a sliding time window from k — .5 + 1
to k, with window length S. The term {¥;_gs,,.;1& = &} represents
the input vectors where the signal ¢ is held constant at a value & ,,
derived as the mean within interval h. The weight P, , represents the
probability associated with selecting the mean value & ,. Specifically,
P, ;, is derived from the probability that signal / falls within interval h.
A detailed illustration clarifying these parameters is presented in Fig.
S.

This sensitivity index quantifies the local, interval-specific rele-
vance of individual signals while preserving temporal continuity, thus
addressing the limitations inherent in traditional Shapley value compu-
tations. While ¢, (k) is intuitively constructed and practically oriented, it
aligns closely with established sensitivity analysis principles, evaluating
the model’s response to controlled, localized input perturbations. To
further enhance robustness and validate that ¢,(k) captures authentic
rather than spurious contributions, we conduct perturbation experi-
ments (see Figs. 20-21 in the Supplementary Materials). By perturbing
input signals and observing corresponding output variations, the results
show how the sensitivity index can reflect the significance of each
signal.

(3) Training and evaluation. Each of the three datasets was split, with
80% allocated to training and 20% to testing. The network is trained
using the ‘adam’ optimizer [65], which dynamically adjusts learning
rates based on the gradient of the loss function. The training process
is set to a maximum of 6000 epochs, allowing enough iterations for
the network to learn from the data. The training progress was tracked
using a graphical display of training metrics in a non-verbose mode,
facilitating early detection of potential issues, such as overfitting and
gradient exploding.

MAE and RMSE are chosen to evaluate the performance of each
machine learning model, defined as

N ~
MAE = Zizt i 29l ©)
N

N
1 N
RMSE = 4| i;(y,- -9, (10)

where N is the number of test samples.
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