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Abstract

This paper proposes an SOH estimation method that fuses mechanical–electrical–thermal
multi-modal features by introducing expansion force monitoring. Aging tests on 16 pris-
matic 530 Ah LiFePO4 batteries from two brands are conducted at 25 and 45 ◦C. Each full
cycle is divided into charge, post-charge rest, discharge, and post-discharge rest, with SOH
defined by the capacity ratio. From cycle-level data, 37 candidate features are extracted and
cleaned using local median and median absolute deviation. Using only training cells, Spear-
man correlation eliminates highly redundant features, and 12 key features are retained
via internal validation. Under 4-fold cross-validation with complete battery grouping,
Random Forest, XGBoost, LightGBM, and LSTM are compared. LightGBM achieves the
best performance with an average MAE of 0.0032, RMSE of 0.0037, and R2 of 91.36%.
Ablation shows multi-modal fusion outperforms single-type features; five-category fused
features reduce RMSE by ~75.57% versus electrical-only features. Removing expansion
force features increases RMSE to 0.0064 and drops R2 to 75.66%. These findings confirm
that expansion force supplies critical mechanical degradation information, significantly
improving SOH estimation for large-capacity energy storage batteries.

Keywords: lithium iron phosphate; energy storage battery; expansion force; multi-modal
features; state of health estimation

1. Introduction
With the accelerating global energy transition and the large-scale integration of renew-

able energy sources, the role of energy storage systems in power peak shaving, frequency
regulation, and user-side energy management has become increasingly prominent. Lithium-
ion batteries, by virtue of their high energy density, long cycle life, and rapid response
capability, have become the core carrier in the field of electrochemical energy storage.
However, batteries inevitably age during long-term cycling, manifesting as usable capacity
fade and internal resistance increase, and in severe cases even leading to safety incidents
such as thermal runaway [1,2]. Therefore, achieving accurate monitoring of the SOH of
large-capacity energy storage batteries is a key prerequisite for ensuring the safe, efficient,
and economical operation of energy storage systems [3]. Nevertheless, the battery aging
process is jointly influenced by electrochemical reactions, thermal states, and structural
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mechanical responses, exhibiting pronounced nonlinearity and multi-factor coupling char-
acteristics. In practical energy storage systems, sensor configurations and operational data
are often constrained by engineering conditions. How to extract stable health features from
collectible signals such as voltage, current, temperature, and expansion force is a critical
issue in SOH estimation [4].

The mainstream approach in existing research is electrical signal monitoring, which ex-
tracts health features related to capacity degradation from voltage and current and employs
machine learning models to establish the mapping relationship between features and SOH.
At the feature extraction level, existing studies mainly focus on relaxation voltage, incremen-
tal capacity analysis, and multi-scale signal decomposition. Short-term relaxation voltage
can reflect the polarization recovery and open-circuit voltage restoration process during the
rest phase, providing effective information for capacity or SOH estimation without relying
on complete charge–discharge tests [5]. Incremental capacity analysis, by differentiating
the constant-current charging voltage curve, maps the internal electrode reaction processes
of the battery into the voltage domain, thereby extracting health factors related to active
material loss and lithium inventory loss [6]. Meanwhile, time-series features such as voltage
sample entropy can characterize the complex fluctuation characteristics of the voltage pro-
file as aging progresses, offering supplementary information for SOH estimation under fast
charging or partial cycle conditions [7]. At the model construction level, to address issues
such as varying temperature conditions, degradation path differences, and insufficient
feature quality, researchers have further improved SOH prediction frameworks from the
perspectives of cross-condition generalization, online co-estimation, and combinatorial
optimization, thereby enhancing the model’s adaptability under different temperatures,
degradation paths, and data conditions [8,9]. Recent work has further demonstrated the
use of reconstructed current and voltage curves with deep learning for SOH estimation [10].
Differential-voltage analysis has also been applied as a non-invasive diagnostic tool to
relate voltage-response changes to degradation during pulsed-current charging [11].

Unlike purely data-driven methods, approaches based on electrochemical mecha-
nisms and physical models estimate capacity through equivalent circuit model parameter
identification, state observers, or electrochemical constraints, offering strong physical inter-
pretability [12]. In recent years, the emergence of PINNs has further promoted the fusion of
mechanism models and data-driven approaches by embedding electrochemical governing
equations, aging laws, and physical constraints into the neural network loss function,
thereby reducing the model’s dependence on large amounts of labeled data [13]. Building
on this, researchers have further applied physics-informed learning to SOH estimation un-
der different temperatures, operating conditions, and chemical systems, improving model
adaptability [14,15]. Additionally, some studies have constructed SOH estimation mod-
els using partial charging segments, reducing the reliance on complete charge–discharge
tests [16,17]. However, the performance of physical model-based methods remains highly
dependent on the accuracy of the model structure, the precision of parameter identification,
and adaptability to changing operating conditions. When the battery system, capacity
specification, or test boundary conditions change, the experimental cost required for model
reconstruction and parameter recalibration is still relatively high.

For large-capacity prismatic energy storage batteries, the terminal voltage is a compre-
hensive external manifestation of multi-layer electrode reactions and polarization processes,
and its response to internal structural changes, stress accumulation, and early hidden
degradation may be subject to averaging and hysteresis, making early accurate percep-
tion difficult. Existing studies have shown that lithium-ion batteries generate measurable
expansion force, stress, or strain responses during charge–discharge and aging processes,
and such mechanical responses are closely related to capacity fade, SOH variation, and
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safety status [18,19]. From a mechanistic perspective, the expansion response is intimately
linked to the lithium intercalation/de-intercalation process, material volume changes, and
structural constraints [20]. As a physical quantity of mechanical response that can be
measured online, expansion force can complement traditional electrical signals [21]. Along
this direction, researchers have explored the fusion of stress, strain, or expansion signals
with electrical signals for battery state estimation, demonstrating potential in tasks such as
joint SOC and SOH estimation, dynamic condition tracking, and early thermal runaway
identification [22,23]. However, existing studies incorporating mechanical signals have
mostly focused on pouch cells, cylindrical batteries, or small-capacity cells, whose me-
chanical boundary conditions and expansion behaviors differ from those of large-capacity
prismatic batteries. For large-capacity prismatic energy storage batteries, the mechanical
restraint structure, clamping force design, and cell size effect make the expansion force
evolution mechanism more complex. Existing studies have explored aspects such as the
thermal behavior of large-capacity prismatic batteries, aging of prismatic LFP batteries,
and electro-thermal-mechanical coupled aging models [24–27]. Nevertheless, the staged
evolution, incomplete recovery behavior, and quantitative relationship between expansion
force and capacity fade during the long-term cycling of large-capacity energy storage
batteries still warrant further investigation.

In recent years, multi-physics feature fusion has gradually become an important devel-
opment direction in battery state estimation. At the feature level, researchers are no longer
limited to a single type of electrical signal but instead use features derived from DV and IC
curves to characterize electrode reactions and capacity degradation processes [28,29]. At
the level of multi-dimensional feature construction and selection, the stability and predic-
tive performance of feature subsets can be improved by comprehensively evaluating the
importance, redundancy, and complementarity of features [30–32]. Meanwhile, relaxation
voltage and short rest segments have also been used to extract health information related to
equilibrium potential recovery and polarization decay, offering the possibility for SOH esti-
mation that does not depend on complete charge–discharge processes [33,34]. In terms of
modeling data sources, partial charging segments and polarization equilibrium information
have been utilized for deep learning-based SOH estimation to reduce the requirement for
complete cycle data [35,36]. Regarding engineering condition adaptability, real-world con-
dition degradation models and interpretable deep learning methods provide new ideas for
SOH estimation under complex operating conditions [37,38]. Furthermore, multi-feature
fusion, interactive learning of multiple aging factors, and voltage-temperature statistical
features have been employed to improve the model’s ability to characterize degradation
differences [39–41]. The fusion of CNN and IC curves can further exploit the degradation
information contained in curve morphology [42], while standardized comparisons of ma-
chine learning models and SOC/SOH review studies provide references for the selection
and evaluation of different models [43,44]. Moreover, the development of AI and digital
twin technologies provides system-level insights for battery state estimation, life-cycle opti-
mization, and cloud-edge collaborative management [45]. Data-driven capacity estimation
has also been adapted to variable-length charge-voltage segments, further reducing reliance
on complete charging records [46]. However, from an engineering application perspective,
the model structure itself is not the only key factor; more importantly, it is whether stable,
interpretable, and generalizable health features can be extracted from collectible data and
validated through a reasonable data partitioning approach.

To address the aforementioned issues, this paper takes a total of 16 prismatic
530 Ah LiFePO4 energy storage batteries from two brands as the test objects, conducts cyclic
aging tests at 25 ◦C and 45 ◦C, and constructs a mechanical–electrical–thermal multi-modal
feature SOH estimation method. The main contributions of this paper include:
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(1) Analyzing the staged variation and irreversible accumulation characteristics of ex-
pansion force during the cycling of large-capacity batteries and discussing their
relationship with capacity fade.

(2) Extracting 37 candidate features from five categories—electrical, thermal, expansion
force, dV/dQ, and dF/dQ—from cycle-level data, and identifying 12 key features
through outlier cleaning, correlation analysis, redundancy elimination, and internal
validation on the training set.

(3) Employing four-fold cross-validation with complete battery grouping to compare
Random Forest, XGBoost, LightGBM, and LSTM models, and conducting feature
ablation experiments using LightGBM as the base model to quantitatively evaluate
the contribution of different feature types to SOH estimation.

The remainder of this paper is organized as follows: Section 2 introduces the basic
parameters of the energy storage batteries, the expansion force testing platform, and the
cycling test procedure. Section 3 analyzes the evolution characteristics of the expansion
force. Section 4 extracts the mechanical–electrical–thermal multi-field coupled features.
Section 5 constructs a multi-feature SOH prediction algorithm, presents the prediction
results, and conducts discussions. Section 6 concludes the paper and outlines future work.

2. Experimental Design
2.1. Basic Parameters of the Energy Storage Batteries

This study selected two commercial prismatic LiFePO4 energy storage batteries from
different brands as experimental objects; their detailed performance parameters are listed
in Table 1. To mitigate the influence of cell-to-cell inconsistency, eight cells of each brand
were selected for parallel testing, labeled A1–A8 and B1–B8, respectively.

Table 1. Basic specifications of the battery.

Parameters Type A Type B

Cathode LiFePO4 LiFePO4
Anode graphite graphite

Rated capacity/Ah 530 530
Rated voltage/V 3.2 V 3.2 V

Weight/kg 9.4 ± 0.15 kg 9.5 kg

Dimensions/mm
73.53 ± 0.5 (T)/
274.5 ± 0.5 (W)/

212 ± 0.5 (H)

73.1 ± 1 (T)/
274.6 ± 1 (W)/

213 ± 1 (H)

2.2. Expansion Force Testing Platform

The expansion force testing platform mainly consists of a charge–discharge cabinet,
a high-low temperature chamber, an expansion force sensor, and a programmable host
computer. As shown in Figure 1, the cell is fixed with a specialized fixture and placed
inside the high-low temperature chamber to simulate the influence of different ambient
temperatures on battery performance. The preload force of the expansion force fixture is
set to 2980 N to ensure consistent mechanical stress on the cell during cycling. During
the charge–discharge cycle test, the host computer controls the operating mode of the
charge–discharge cabinet and simultaneously acquires and records key state parameters of
the cell, including current, voltage, temperature, and expansion force.
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Figure 1. Swelling force test experimental setup.

2.3. Battery Testing Procedures

The testing procedures include capacity calibration tests, cyclic aging tests, and RPT.
The specific parameters of the cyclic aging test are listed in Table 2. Considering the
typically long cycle life of LFP batteries for energy storage applications, a constant power
charge–discharge protocol at 0.5 P was adopted to improve experimental efficiency, with a
rest period of 30 min. The ambient temperature was set at two levels, 25 ◦C and 45 ◦C, for
comparative testing. After every 365 cycles, an RPT was performed, which mainly included
a battery capacity test and a low-current charge–discharge characteristic test to evaluate
the performance evolution during battery aging.

Table 2. Test conditions for cycling aging and reference performance tests.

Test Item No. Step Power/Rate Duration Cut-Off Condition

cycling aging (25 ◦C and 45 ◦C)

1 Charging 0.5 P / 3.65 V
2 Rest / 30 min /
3 Discharging 0.5 P / 2.5 V
4 Rest / 30 min /

Capacity calibration (25 ◦C)

1 Charging 0.5 C / 3.65 V
2 Rest / 30 min /
3 Discharging 0.5 C / 2.5 V
4 Rest / 30 min /

Low-current test (25 ◦C)

1 Charging 0.1 C / 3.65 V
2 Rest / 60 min /
3 Discharging 0.1 C / 2.5 V
4 Rest / 30 min /

3. Analysis of Expansion Force Evolution Characteristics
3.1. Expansion Force Response During Charge and Discharge

During the charge and discharge of lithium-ion batteries, the intercalation and dein-
tercalation of lithium ions between the cathode and anode cause volume changes in the
electrode materials, which, under fixture constraint conditions, manifest as measurable
expansion force variations. As shown in Figure 2, the expansion force of cell A3 during the
first full cycle at 45 ◦C exhibits pronounced nonlinear changes with the charge–discharge
process. In the charge stage, the expansion force generally rises with increasing capacity,
accompanied by fluctuations within certain SOC intervals; after charge termination, the
expansion force undergoes a certain degree of relaxation during the rest stage. In the
discharge stage, the expansion force generally decreases, but its variation path does not
fully coincide with that of the charge stage, indicating notable mechanical hysteresis.
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Figure 2. Dynamic changes in swelling force of A3 battery during the first cycle.

This asymmetric response is associated with the staged lithium intercalation/
deintercalation of electrode materials, changes in the internal contact state of the cell, and
the viscoelastic response of the materials. The expansion force variation during the rest
stages after charge and discharge reflects the mitigation of concentration gradients and
the stress relaxation process. If the expansion force fails to return completely to the initial
level after a complete charge–rest–discharge–rest cycle, it indicates the accumulation of
residual mechanical response during cycling. Since no teardown, impedance, or material
characterization was performed in this work, the specific microscopic aging mechanisms
are not considered as direct proof objects; instead, the subsequent analysis focuses primarily
on the statistical relationship between the measurable expansion force features and SOH.

3.2. Correlation Between Expansion Force Features and Capacity Fade During Long-Term Cycling

During long-term cycling, the repeated volume changes in electrode materials induce
dynamic expansion force fluctuations, while processes such as interfacial side reactions,
structural relaxation, and changes in contact state may also lead to the gradual accumulation
of residual mechanical response. Figure 3a illustrates the evolution of the expansion force
curve during cycling. As the cycle number increases, the baseline, peak value, valley
value, and rest relaxation magnitude of the expansion force curve all change, indicating
that the expansion force reflects not only the instantaneous mechanical response within a
single charge–discharge cycle but also the long-term accumulated information caused by
cyclic aging.

Figure 3. (a) Swelling force evolution in cycling; (b) swelling force vs. capacity degradation.
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To quantitatively describe the relationship between expansion force and capacity fade,
this paper extracts basic mechanical features from the cycle-level expansion force curve,
including the maximum, minimum, mean, variation range, start and end values of the
charge and discharge stages, rest relaxation variation, and irreversible expansion force
variation. Among these, the maximum expansion force reflects the peak stress state reached
by the cell within a single cycle, the minimum expansion force indicates the residual
pressure level after rest, the mean expansion force characterizes the overall mechanical
load during cycling, the rest relaxation variation reflects the stress release process after
charge and discharge, and the irreversible expansion force variation is used to describe
the net change in residual pressure after a cycle. As can be seen from Figure 3b, some
expansion force features exhibit continuous changes with cyclic aging and show a relatively
clear synchronous relationship with capacity fade, suggesting that expansion force can
serve as important additional information for the SOH estimation of large-capacity energy
storage batteries.

4. Mechanical–Electrical–Thermal Multi-Field Coupled
Feature Extraction
4.1. Sample Construction and Feature Sources

The preceding results indicate that the expansion force curve within a single cycle
can reflect the mechanical response during charge and discharge, while the variation
in expansion force features over long-term cycling is correlated with capacity fade. To
transform these observable changes into inputs for the SOH estimation model, this paper
constructs a cycle-level dataset with the “battery–cycle” as the basic sample unit. Each row
of the sample corresponds to a complete cycle of a specific battery, containing candidate
features such as electrical, thermal, expansion force, dV/dQ, and dF/dQ.

For missing cycles in the original test, no additional cycle samples are artificially
supplemented; for local outliers existing in the extracted cycle-level features, independent
cleaning is performed before feature selection. This approach preserves the authentic-
ity of the original cycle test records while providing a uniform data structure for sub-
sequent modeling inputs. Figures 4–6 illustrate the physical origins of the candidate
features from perspectives including the voltage–capacity relationship, differential voltage
response, expansion force–capacity differential response, incremental capacity response,
and temperature-related expansion force variation.

Figure 4. (a) V–Q degradation in cycling; (b) dV/dQ profiles during cycling.
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Figure 5. (a) dQ/dV profiles during cycling; (b) dF/dQ profiles during cycling.

Figure 6. Temperature-dependent swelling force drift.

4.2. Voltage–Capacity Differential Features

The voltage–capacity (V–Q) curve can reflect the relationship between the voltage
plateau and capacity during cycling. Figure 4a presents the V–Q curves and capacity
fade variations at different cycles. As aging progresses, the available capacity gradually
decreases, and both the position of the voltage plateau and the shape of the curve change
accordingly. These changes indicate that the terminal voltage curve contains degradation
information related to SOH. However, the plateau of the raw V–Q curve is relatively flat,
and localized differences are not easily identified directly, making it necessary to further
employ differential curves to amplify feature variations.

In this paper, the dV/dQ curve is constructed based on the relationship between capac-
ity Q and voltage V during the discharge stage to extract local features of voltage plateau
variation. To reduce the amplification effect of sampling noise during differentiation, the
original curve is first smoothed, then difference-based differentiation is applied, and the
curves from different cycles are interpolated onto a unified capacity coordinate. Figure 4b
shows that the valleys and peaks in the dV/dQ curve shift in position and change in am-
plitude with cycling, reflecting the migration of the voltage plateau and local polarization
variations. From the dV/dQ curve, the positions, heights, and areas of Valley 1, the main
peak, and Valley 2 are extracted, yielding a total of nine candidate features. Specifically,
the position denotes the capacity coordinate corresponding to the peak or valley point,
the height represents the derivative value at that point, and the area denotes the integral
quantity over the capacity range around the peak or valley.

The dQ/dV curve presented in Figure 5a further reveals the characteristic changes near
the voltage plateau from the perspective of incremental capacity analysis. Both dQ/dV and
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dV/dQ are derived from the first-order differential expression of the V–Q curve and offer
complementary visualization significance for changes in the plateau region. Considering
the need to control the number of candidate features and reduce redundant representation
in the final modeling, the positions, heights, and areas of the dV/dQ peaks and valleys are
retained as the voltage differential curve features among the 37 candidate input features,
while Figure 5a is mainly used to assist in illustrating the migration and morphological
changes in the voltage plateau with cyclic aging.

4.3. Expansion Force–Capacity Differential Features

In addition to the voltage curve, the curve of expansion force versus capacity also
contains aging-related information. The expansion force–capacity (F–Q) curve describes the
mechanical response corresponding to the change in capacity per unit during the charge–
discharge process. When the stages of lithium intercalation/deintercalation, the internal
contact state, or the stress release process change, the local slope and the peak–valley
morphology of the F–Q curve also change accordingly.

This paper further computes the first-order derivative of the F–Q curve, dF/dQ, to
characterize the rate of change in the expansion force caused by the change in capacity per
unit. Figure 5b shows that the dF/dQ curve exhibits a distinct peak–valley structure at
different cycles, indicating that the mechanical response does not simply vary linearly with
capacity but rather shows local enhancement or release in specific capacity intervals. From
the dF/dQ curve, the positions, heights, and areas of the main peak and main valley are
extracted, yielding a total of 6 candidate features. Compared with macroscopic statistical
features such as the maximum, minimum, and relaxation magnitude of the expansion
force, the dF/dQ features emphasize the local response of the expansion force with re-
spect to capacity variation and can serve as a differential representation of mechanical
degradation information.

4.4. Temperature Features and Thermal–Mechanical Coupling Information

Temperature affects the battery’s reaction kinetics, degree of polarization, and mechan-
ical response of materials; therefore, thermal state information needs to be incorporated into
SOH estimation. In this paper, six temperature features are extracted from each cycle, in-
cluding the cycle-average temperature Tavg_cycle, the maximum temperature Tmax_cycle,
the minimum temperature Tmin_cycle, the temperature fluctuation range Tdelta_cycle,
the cycle-average of the maximum temperature difference among the four measurement
points T_spread_avg, and the average chamber temperature T_chamber_avg. Among these,
T_spread_avg is used to characterize the degree of temperature non-uniformity at different
measurement locations of the battery, and T_chamber_avg is used to represent the external
ambient temperature.

Figure 6 illustrates the differences in the variation in expansion force features under
different temperature conditions. The evolution rate of the expansion force at 45 ◦C differs
from that at 25 ◦C, indicating that ambient temperature affects both the accumulation
process of the expansion force and the SOH degradation pathway. Elevated temperature
may indirectly influence the expansion force features by altering reaction rates, polarization
processes, interfacial side reactions, and the mechanical response of materials. Since this
paper focuses on SOH estimation modeling, the temperature is subsequently incorporated
as an input feature for feature selection and model training, without over-attributing
specific thermal–mechanical coupling mechanisms.

Integrating the curve evidence from Figures 4–6, the candidate features constructed in
this paper are divided into five categories: electrical features, used to describe the voltage
recovery process after charge and discharge; thermal features, used to characterize the
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cyclic thermal state and temperature non-uniformity across measurement points; expansion
force features, used to describe the single-cycle stress level, stress relaxation during rest,
and irreversible mechanical response accumulation; dV/dQ features, used to amplify
the migration and morphological changes in the voltage plateau accompanying capacity
fade; and dF/dQ features, used to depict the local response of the expansion force with
respect to capacity variation. The above features characterize the battery aging process
from the perspectives of electrochemical response, thermal state, and mechanical response,
respectively, and exhibit a certain degree of complementarity.

5. SOH Prediction Based on Multi-Modal Features
5.1. SOH Estimation Framework

The SOH estimation framework for the 530 Ah energy storage batteries constructed in
this paper is illustrated in Figure 7. First, the cycling data of the 530 Ah cells from brands
A and B are organized into four stages: charge, rest after charge, discharge, and rest after
discharge. The cycle SOH is then calculated with the maximum discharge capacity of
the first cycle for each cell as the reference. The SOH label is derived from the maximum
discharge capacity of each cycle, defined as

SOHi,c = Qd,i,c/Qd,i,1 (1)

where Qd,i,c denotes the maximum discharge capacity of cell i at cycle c, and Qd,i,1 denotes
the maximum discharge capacity of the same cell at the first cycle.

Figure 7. Workflow of SOH estimation using mechanical–electrical–thermal multimodal features.

Subsequently, five categories of candidate features—electrical, thermal, expansion
force, dV/dQ, and dF/dQ—are constructed from the cycle-level data, and isolated outliers
that significantly deviate from the variation trend of adjacent cycles are identified and
corrected by interpolation. In the modeling stage, feature selection is performed exclusively
on the training cells. After 12 key features are retained, grouped four-fold cross-validation
is employed to evaluate the generalization ability of the models on unseen cells. Finally,
the four models are compared and LightGBM-based feature-ablation experiments are
conducted to quantify the contribution of the different feature categories to SOH estimation.
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5.2. Feature Selection

The candidate input features are divided into five categories, as shown in Table 3.
To mitigate the impact of transient sensor fluctuations and errors in curve peak/valley
identification on the modeling results, outlier cleaning is performed on the 37 candidate
features prior to feature selection. The cleaning is conducted independently for each
battery and each feature. A sliding window with a center span of 31 cycles is used to
compute the local median and the median absolute deviation (MAD), and the robust
z-score is employed to identify local spikes. A feature value is marked as a candidate
outlier when it significantly deviates from the local trend of adjacent cycles and satisfies
|robust_z| > 6. For isolated outlier segments no longer than three cycles, linear interpo-
lation using adjacent cycles is applied for correction; for contiguous segments of longer
duration, only recording is performed without automatic replacement. The 37 candidate
features contain a total of 620,009 feature values, among which 1666 are corrected by
automatic interpolation, accounting for 0.269%.

Table 3. Mechanical–electrical–thermal characteristic description.

No. Characteristic Feature Name Description

1 Mechanical F_cycle_max Maximum expansion force per cycle
2 Mechanical F_cycle_min Minimum expansion force per cycle
3 Mechanical F_cycle_avg Mean expansion force per cycle
4 Mechanical F_cycle_delta Expansion force range per cycle
5 Mechanical F_chg_start Expansion force at charge start
6 Mechanical F_chg_end Expansion force at charge end
7 Mechanical F_dchg_start Expansion force at discharge start
8 Mechanical F_dchg_end Expansion force at discharge end
9 Mechanical Frelax_chg Expansion force variation during rest after charge
10 Mechanical Frelax_dchg Expansion force variation during rest after discharge
11 Mechanical dFirrev Irreversible expansion force variation per cycle
12 Mechanical Firrev Cumulative irreversible expansion force variation
13 Electrical V_chg_relax_start Voltage at rest start after charge
14 Electrical V_chg_relax_drop Voltage drop during rest after charge
15 Electrical V_dchg_relax_start Voltage at rest start after discharge
16 Electrical V_dchg_relax_rise Voltage rise during rest after discharge
17 Thermal Tavg_cycle Mean temperature per cycle
18 Thermal Tmax_cycle Maximum temperature per cycle
19 Thermal Tmin_cycle Minimum temperature per cycle
20 Thermal Tdelta_cycle Temperature fluctuation range per cycle
21 Thermal T_spread_avg Average of the maximum temperature
22 Thermal T_chamber_avg Mean chamber temperature per cycle
23 dV/dQ dV/dQ_Valley1_Pos Position of Valley 1 on the dV/dQ curve
24 dV/dQ dV/dQ_Valley1_Height Height of Valley 1 on the dV/dQ curve
25 dV/dQ dV/dQ_Valley1_Area Area of Valley 1 on the dV/dQ curve
26 dV/dQ dV/dQ_MainPeak_Pos Position of the main peak on the dV/dQ curve
27 dV/dQ dV/dQ_MainPeak_Height Height of the main peak on the dV/dQ curve
28 dV/dQ dV/dQ_MainPeak_Area Area of the main peak on the dV/dQ curve
29 dV/dQ dV/dQ_Valley2_Pos Position of Valley 2 on the dV/dQ curve
30 dV/dQ dV/dQ_Valley2_Height Height of Valley 2 on the dV/dQ curve
31 dV/dQ dV/dQ_Valley2_Area Area of Valley 2 on the dV/dQ curve
32 dF/dQ dF/dQ_MainPeak_Pos Position of the main peak on the dF/dQ curve
33 dF/dQ dF/dQ_MainPeak_Height Height of the main peak on the dF/dQ curve
34 dF/dQ dF/dQ_MainPeak_Area Area of the main peak on the dF/dQ curve
35 dF/dQ dF/dQ_MainValley_Pos Position of the main valley on the dF/dQ curve
36 dF/dQ dF/dQ_MainValley_Height Height of the main valley on the dF/dQ curve
37 dF/dQ dF/dQ_MainValley_Area Area of the main valley on the dF/dQ curve
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To prevent information from the test batteries from participating in feature selection, a
complete battery grouping validation strategy is adopted in this paper. In each outer fold, 4
complete batteries are used as the test set and the remaining 12 batteries serve as the training
set. Feature correlation calculation, redundancy elimination, determination of the number
of retained features, and model parameter selection are all performed exclusively within
the training batteries, while the test batteries are used only for the final generalization
performance evaluation.

The feature selection consists of three steps. First, the Spearman correlation coefficient
between each candidate feature and SOH is calculated within the outer training set, and
features with |ρs| ≥ 0.2 are retained. The Spearman correlation coefficient is used be-
cause the battery degradation process is markedly nonlinear, and the relationship between
many effective features and SOH is closer to monotonic rather than strictly linear. Subse-
quently, the Spearman correlation coefficients among the retained features are calculated; if
|ρs| ≥ 0.95 between any two features, they are considered to exhibit strong redundancy,
and the one with the higher correlation with SOH is kept. Finally, a three-fold grouped
validation is performed inside the outer training set to compare schemes of Top 8, Top 12,
Top 16, Top 20, and all retained features, and the number of features that yields the lowest
average RMSE on the validation set is selected.

To obtain key features that were repeatedly selected across different training battery
combinations and screening models, Random Forest, XGBoost, and LightGBM were used
in the screening stage. The four outer folds and three screening models generated 12 model-
fold selection combinations. Features selected in at least 9 of the 12 combinations were
retained as key features. Table 4 lists the 12 features retained from the 37 candidates. These
features comprise electrical, thermal, expansion force, dV/dQ, and dF/dQ descriptors. In
particular, three cycle-level expansion-force features and three dF/dQ descriptors were re-
tained, indicating that both the global mechanical response and its local capacity-dependent
variation provided ageing information.

Table 4. Key features.

Features Characteristic Times Spearman Description

dF/dQ_MainValley_Pos dF/dQ 12 0.8755 Position of the main valley on the dF/dQ curve
dF/dQ_MainValley_Height dF/dQ 12 0.8675 Height of the main valley on the dF/dQ curve

Tmin_cycle thermal 12 −0.7483 Minimum temperature per cycle
V_dchg_relax_rise electrical 12 0.7442 Voltage rise during rest after discharge

dV/dQ_Valley1_Pos dV/dQ 12 0.7298 Position of Valley 1 on the dV/dQ curve
dV/dQ_Valley2_Area dV/dQ 12 0.6902 Area of Valley 2 on the dV/dQ curve

dV/dQ_MainPeak_Pos dV/dQ 10 0.6761 Position of the main peak on the dV/dQ curve
V_chg_relax_drop electrical 10 0.6233 Voltage drop during rest after charge

Frelax_chg mechanical 10 0.6109 Expansion force variation during rest after charge
dF/dQ_MainPeak_Pos dF/dQ 10 0.5931 Position of the main peak on the dF/dQ curve

F_dchg_start mechanical 9 −0.9166 Expansion force at discharge start
F_cycle_delta mechanical 9 −0.7334 Expansion force range per cycle

To examine whether the retained features were robust across manufacturers and tem-
peratures, Spearman correlations between each feature and SOH were calculated separately
for each cell and summarized by the median value within each brand-temperature stratum.
Figure 8 shows the resulting correlations for A-45 ◦C, A-25 ◦C, B-45 ◦C, and B-25 ◦C. Most
key features retained the same association direction across the four strata. In particular,
F_dchg_start and F_cycle_delta were negatively associated with SOH, whereas the dF/dQ
main-valley descriptors showed positive correlations. Tmin_cycle and V_dchg_relax_rise
showed greater condition dependence in the B-brand cells and should therefore be inter-
preted as condition-sensitive descriptors rather than universal monotonic ageing indicators.
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Figure 8. Median Spearman correlation coefficients between the 12 key features and SOH across four
brand-temperature strata.

5.3. Model Construction

After identifying the 12 key features, four types of SOH estimation models—Random
Forest, XGBoost, LightGBM, and LSTM—are constructed in this paper. The first three
models are used to evaluate the nonlinear modeling capability of cycle-level tabular features,
while LSTM is employed to assess the temporal dependency information within consecutive
cycle windows. For Random Forest, XGBoost, and LightGBM, each cycle-level sample is
directly represented as a 12-dimensional feature vector, with the target being the SOH of
that cycle. For the LSTM model, a sequence of features from 20 consecutive cycles of the
same battery is used as the input window to predict the SOH of the cycle at the end of
the window.

The LSTM model consists of one LSTM layer with a hidden dimension of 32; the
hidden state of the last time step is fed into a fully connected output head with the structure
Linear(32,16)–ReLU–Linear(16,1). The model is trained using the Adam optimizer with
a learning rate of 0.001, a weight decay of 1 × 10−4, for 80 epochs, and gradient clipping
is applied to limit the maximum gradient norm to 1.0. Random Forest is configured with
200 trees, a maximum depth of 8, and a minimum number of samples per leaf of 10. Both
XGBoost and LightGBM adopt the squared error regression objective, a learning rate of 0.03,
260 estimators, and subsample and column sampling ratios of 0.85 to mitigate overfitting.

To evaluate generalization to unseen cells, grouped four-fold cross-validation was
adopted. Table 5 shows the allocation of the test cells across the four folds. Each test fold
contained one cell from each brand-temperature stratum, namely A-45 ◦C, A-25 ◦C, B-45 ◦C,
and B-25 ◦C, whereas the remaining 12 cells were used for training and internal validation.
This design prevents cycle samples from the same cell from appearing in both the training
and test sets. MAE, RMSE, and R2 were first calculated separately for each test cell and
subsequently averaged within each fold, so that cells with longer cycling records did not
dominate the evaluation. To assess training stability, the complete four-fold procedure
was repeated using five random seeds (42, 202, 602, 1002, and 2026). For each model, 95%
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confidence intervals were estimated by 2,000 bootstrap resamples of the 16 cell-level metrics
after averaging the repeated results for each cell.

Table 5. Test-cell allocation in grouped four-fold cross-validation.

Fold A-45 ◦C A-25 ◦C B-45 ◦C B-25 ◦C

F1 A1 A5 B1 B5
F2 A2 A6 B2 B6
F3 A3 A7 B3 B7
F4 A4 A8 B4 B8

5.4. Results Analysis

After outlier cleaning and key feature selection, Random Forest, XGBoost, LightGBM,
and LSTM were evaluated using the same grouped four-fold partition. The four folds
together covered all 16 cells, and all models used the same 12 key features. Random Forest,
XGBoost, and LightGBM used cycle-level feature vectors, whereas LSTM used a 20-cycle
sequence window within each cell. The repeated evaluation described in Section 5.3 was
used for all aggregate performance statistics reported below.

Figure 9 presents the comparison between the true and predicted SOH values of the
four models on representative test batteries. It can be observed that all four models are
capable of tracking the overall declining trend of SOH with cycle number, indicating that
the selected multi-type features can provide effective degradation information for different
models. Differences exist among the models in fitting local fluctuations and the end-of-life
degradation segment: LightGBM yields a relatively stable fit to the degradation trajectory
of battery A2; LSTM is able to capture the gentler degradation trend of battery B6; XGBoost
and Random Forest also deliver reasonably continuous SOH prediction results on batteries
A1 and B1.

Figure 9. Representative SOH prediction results of four models: (a) LightGBM, A2-45 ◦C; (b) LSTM,
B6-25 ◦C; (c) XGBoost, A1-45 ◦C; (d) Random Forest, B1-45 ◦C.
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To further examine the error distribution of different models on representative test
batteries, Figure 10 presents the relative error curves of the four models. Compared with
the SOH fitting curves in Figure 9, Figure 10 further shows how the relative prediction
error evolves with cycling. Considering that the degree of fit of different models across
test batteries is not entirely uniform, four representative batteries are selected from the
16 test batteries of each model for display. Specifically, the displayed batteries are A1, A2,
A5, and A6 for LightGBM; A2, A4, A6, and B6 for LSTM; A2, A5, A7, and B2 for Random
Forest; and A1, A5, A8, and B1 for XGBoost. It can be observed that the relative errors
of the selected batteries are mostly distributed around zero, although certain models still
exhibit noticeable positive or negative deviations in some cycle stages. This indicates that
while the models can track the overall SOH degradation trend reasonably well, they remain
influenced by cell-to-cell variability, feature fluctuations, and differences in test conditions
during localized cycle phases.

Figure 10. Relative error curves of representative test cells for the four models: (a–d) LightGBM
results for A1-45 ◦C, A2-45 ◦C, A5-25 ◦C, A6-25 ◦C; (e–h) LSTM results for A2-45 ◦C, A4-45 ◦C, A6-25
◦C, B6-25 ◦C; (i–l) Random Forest results for A2-45 ◦C, A5-25 ◦C, A7-25 ◦C, B2-45 ◦C; (m–p) XGBoost
results for A1-45 ◦C, A5-25 ◦C, A8-25 ◦C, B1-45 ◦C.

Table 6 and Figure 11 summarize the repeated grouped four-fold validation results. The
model ranking remained stable across the five random seeds. LightGBM achieved the best
average performance, with an MAE of 3.172 ± 0.094 × 10−3, an RMSE of 3.656 ± 0.089 × 10−3,
and an R2 of 91.36 ± 0.71%. The corresponding battery-level bootstrap 95% confidence
intervals were 2.202–4.322 × 10−3 for MAE, 2.585–4.960 × 10−3 for RMSE, and 85.66–96.11%
for R2. Random Forest and XGBoost showed comparatively small seed-to-seed variation
but higher average errors. LSTM achieved competitive mean errors but exhibited the largest
variation across random seeds, reflecting its greater sensitivity to initialization in the present
limited cell-level dataset.
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Table 6. Repeated grouped four-fold validation performance of the four SOH estimation models.

Model MAE (×10−3) RMSE (×10−3) R2 (%)

Random Forest 3.632 ± 0.011 [2.413, 5.262] 4.462 ± 0.011 [2.927, 6.745] 89.06 ± 0.05 [82.30, 95.11]
XGBoost 3.769 ± 0.046 [2.621, 5.140] 4.254 ± 0.060 [3.042, 5.706] 87.86 ± 0.20 [79.71, 94.56]

LightGBM 3.172 ± 0.094 [2.202, 4.322] 3.656 ± 0.089 [2.585, 4.960] 91.36 ± 0.71 [85.66, 96.11]
LSTM 3.382 ± 0.521 [2.529, 4.384] 3.818 ± 0.519 [2.983, 4.794] 87.11 ± 4.10 [77.98, 95.26]

The fold-level results are reported in Table 7. Performance varied across folds because
of cell-to-cell heterogeneity; nevertheless, LightGBM maintained the lowest or near-lowest
error in most folds. Therefore, LightGBM was selected as the base model for the subsequent
feature-ablation experiments.

Figure 11. Comparison of repeated grouped four-fold validation performance for the four SOH
estimation models.

Table 7. Fold-level prediction performance (MAE × 10−3/RMSE × 10−3/R2(%)) averaged across
five random seeds.

Model F1 F2 F3 F4

Random Forest 3.205/3.745/88.27 2.116/2.545/96.56 5.539/7.207/83.98 3.668/4.353/87.44
XGBoost 2.718/3.102/92.93 3.010/3.449/90.71 5.984/6.662/79.76 3.363/3.803/88.06

LightGBM 2.557/2.938/93.19 2.408/2.808/93.84 4.837/5.623/86.08 2.885/3.255/92.32
LSTM 3.878/4.249/82.69 2.550/2.927/95.93 3.056/3.757/91.63 4.044/4.338/78.17

5.5. Multi-Modal Feature Ablation Experiment Based on LightGBM

To analyze the contribution of different feature types to SOH prediction, Light-
GBM, which showed the best overall performance in Section 5.4, was used as the base
model. The data partitioning, training procedure, and model parameters were kept un-
changed, and only the input feature combinations were varied. The 12 selected key fea-
tures were organized into five groups: electrical, thermal, cycle-level expansion-force,
dV/dQ, and dF/dQ features. Table 8 lists the specific feature composition of each abla-
tion setting. In this section, “force” refers only to the three cycle-level expansion-force
features, whereas dF/dQ features are treated as an independent differential mechanical
feature group.
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Table 8. Feature composition of the ablation settings.

Feature Combination Specific Features Count

E V_chg_relax_drop; V_dchg_relax_rise 2
E-T E + Tmin_cycle 3

E-T-dV/dQ E-T + dV/dQ_Valley1_Pos; dV/dQ_Valley2_Area; dV/dQ_MainPeak_Pos 6
E-T-F-dV/dQ E-T-dV/dQ + Frelax_chg; F_dchg_start; F_cycle_delta 9
E-F-dV/dQ E + Frelax_chg; F_dchg_start; F_cycle_delta + three dV/dQ features 8

All E-T-F-dV/dQ-dF/dQ 12
E-T-dV/dQ-dF/dQ All features except Frelax_chg; F_dchg_start; F_cycle_delta 9

Figures 12–16 show representative SOH fitting results for five feature combinations
listed in Table 8, namely E-T-dV/dQ, E-T-F-dV/dQ, E-F-dV/dQ, All, and E-T-dV/dQ-
dF/dQ, using batteries A1, A4, A5, and A6 as representative examples. With the E-T-
dV/dQ combination, the model can track the overall declining trend of SOH, although
deviations remain during the middle and later cycling stages for some cells. After the
three cycle-level expansion-force features are added, the E-T-F-dV/dQ and E-F-dV/dQ
combinations provide prediction curves that are generally closer to the true SOH. The All
setting maintains good fitting performance, whereas its performance does not consistently
exceed that of the force-containing subsets, suggesting partial information overlap among
the feature groups. In contrast, the E-T-dV/dQ-dF/dQ setting excludes the three cycle-level
expansion-force features while retaining the dF/dQ features; the larger deviations observed
for some cells indicate that the cycle-level expansion-force features provide complementary
information for tracking the SOH degradation trajectory.

Figure 12. SOH prediction results using the electrical–thermal–dV/dQ feature combination on A1,
A4, A5 and A6 cells.
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Figure 13. SOH prediction results using the electrical–thermal–force–dV/dQ feature combination on
A1, A4, A5 and A6.

Figure 14. SOH prediction results using the electrical–force–dV/dQ feature combination on A1, A4,
A5 and A6 cells.
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Figure 15. SOH prediction results using all selected features on A1, A4, A5 and A6 cells.

Figure 16. SOH prediction results using the electrical–thermal–dV/dQ-dF/dQ feature combination
on A1, A4, A5 and A6 cells.

To further quantify the overall effectiveness of different feature combinations, Figure 17
summarizes the mean absolute error (MAE), root mean square error (RMSE), and coefficient
of determination (R2) averaged across the 16 test cells for each combination. When using
only electrical features, the average RMSE was 0.0146 and the average R2 was 26.29%.
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The inclusion of thermal features did not significantly reduce the error, indicating that
temperature features alone are insufficient to independently characterize SOH degradation.
After incorporating the dV/dQ features, the combined electrical–thermal–dV/dQ set
achieved an average RMSE of 0.0057 and an average R2 of 85.49%, demonstrating that the
differential voltage curve can supplement the stage-wise degradation information that is
not readily captured by conventional voltage-relaxation features.

Figure 17. Comparison of average SOH prediction metrics of the LightGBM model using different
feature combinations.

The incorporation of force features further improves prediction accuracy. On the basis
of the electrical–thermal–dV/dQ combination, adding force features reduces the average
RMSE to 0.0034 and increases the average R2 to 93.29% for the electrical–thermal–force–
dV/dQ set; the electrical–force–dV/dQ combination also achieves favorable results, with
an average RMSE of 0.0034 and an average R2 of 93.99%. The full set of all features yields
an average RMSE of 0.0036 and an average R2 of 91.83%, maintaining a consistently high
prediction precision. After removing the cycle-level expansion-force features, the average
RMSE rises to 0.0064 and the average R2 drops to 75.66%, which is markedly inferior to
the combinations that include force features. These results indicate that expansion-force
features can provide mechanical response information that is not directly captured by
conventional voltage and temperature signals, and thus contribute significantly to SOH
estimation for 530-Ah large-capacity energy-storage batteries.

6. Conclusions
In this study, 16 prismatic 530-Ah LFP energy-storage batteries from two brands

were investigated. Based on cycling aging test data at 25 ◦C and 45 ◦C, a SOH estimation
method integrating electrical, thermal, expansion force, dV/dQ, and dF/dQ features
was constructed. Through outlier cleaning, internal feature screening within the training
set, complete-cell grouping four-fold testing, and feature ablation experiments, the role
of expansion-force-related features in SOH estimation for large-capacity batteries was
analyzed. The main conclusions are as follows.

(1) The 530-Ah prismatic energy-storage batteries exhibit pronounced nonlinear varia-
tions and charge–discharge asymmetry in expansion force during cycling. As aging
progresses, certain expansion-force features show synchronous trends with capacity
fade, indicating that expansion force can reflect the accumulation of irreversible inter-
nal responses from a macroscopic mechanical perspective and can serve as a valuable
supplementary signal for SOH estimation.
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(2) From 37 candidate features, 12 key features were selected, covering five categories:
electrical, thermal, expansion force, dV/dQ, and dF/dQ. Among them, expansion
force and dF/dQ features together account for six items. These features were re-
tained in at least 9 of the 12 model-fold selection combinations, indicating that the
global expansion-force response and its capacity-dependent differential descriptors
repeatedly contributed to feature screening. The outlier-cleaning and complete-cell
grouping procedure reduced the influence of local outliers and sample-division bias
on feature evaluation.

(3) Under the same 12 key features and the same complete-cell grouping test protocol,
Random Forest, XGBoost, LightGBM, and LSTM all track the SOH degradation
trend. Among them, LightGBM achieves the best overall performance, with average
MAE, RMSE, and R2 of 0.0032, 0.0037, and 91.36%, respectively. This result suggests
that, given the current cycle-level feature inputs and the limited number of battery
cells, nonlinear tree-based models are well suited to multimodal features; LSTM can
leverage sequential cycle information, but its stability remains constrained by sample
size and input formulation.

(4) Feature ablation experiments demonstrate that multimodal fusion substantially out-
performs single-type features. Compared with using only electrical features, the
full set of five fused feature categories reduces the average RMSE by approximately
75.57%. Removing expansion-force features raises the average RMSE from 0.0036 to
0.0064 and lowers the average R2 from 91.83% to 75.66%, confirming the important
contribution of expansion-force features to SOH estimation. The dF/dQ features
provide local information on mechanical responses as a function of capacity, but
they show some overlap with expansion-force features in the present dataset; fur-
ther validation of their independent contribution using additional battery samples
is warranted.

The findings of this work indicate that incorporating expansion force and its differen-
tial features into SOH estimation for large-capacity energy-storage batteries holds practical
engineering value. Future research can expand the battery brands, capacity specifications,
and operating conditions, combine impedance testing, post-mortem analysis, or material
characterization to verify the correspondence between expansion-force features and specific
degradation mechanisms, and explore lightweight multimodal SOH estimation methods
suitable for online deployment.
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Abbreviations
The following abbreviations are used in this manuscript:

LFP Lithium iron phosphate
SOH State of health
PINN Physics-informed neural network
DV Differential voltage
IC Incremental capacity
RPT Reference performance tests
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