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Abstract

Lithium-ion batteries serve as critical energy storage units for electric vehicles, unmanned
aerial vehicles, and other emerging transportation systems. Numerous real-world inci-
dents have demonstrated that thermal runaway (TR) remains a predominant cause of
spontaneous combustion in these applications. Concerns over TR risks have significantly
hindered broader adoption of lithium-ion batteries. While existing research predominantly
focuses on battery heat generation mechanisms, TR initiation processes, and advanced ma-
terials with enhanced safety, limited attention has been paid to TR risk evolution induced
by cycle-induced performance degradation. To address this gap, this study proposes a
data-driven prognostic framework for quantifying TR risks under battery aging scenarios.
Leveraging the Open Access XJTU Battery Dataset, we first identify eight degradation-
sensitive parameters (including mean current, current standard deviation, and charging
time, etc.) by analyzing temporal degradation patterns within characteristic segments
of charging curves. These parameters are then fused into a composite degradation in-
dex through Physics-Informed Neural Networks (PINNs). Recognizing the stochastic
nature of both degradation trajectories and TR-triggering stresses, a Wiener process-based
random failure threshold model is developed to probabilistically predict TR risks under
time-varying operational conditions. The proposed methodology enables quantitative risk
assessment throughout battery service life, offering a novel perspective for aging-aware
battery safety management.

Keywords: lithium-ion batteries; thermal runaway; stochastic processes; degradation modeling

1. Introduction
As the core power source for new-generation vehicles such as electric vehicles and

drones, the safety of lithium-ion batteries directly affects the reliability of the entire vehicle
and the safety of users’ lives and property [1]. However, the frequent incidents of spon-
taneous combustion in electric vehicles in recent years have highlighted that lithium-ion
battery thermal runaway remains one of the most critical safety concerns [2–5]. Extensive
research shows that thermal runaway is typically triggered by internal or external thermal
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abuse, mechanical abuse, or electrical abuse. Moreover, the likelihood of its occurrence
significantly increases as battery performance degrades during use [6,7]. Consequently,
dynamically predicting the thermal runaway risk of lithium-ion batteries throughout their
entire lifecycle has become a key focus for both academia and industry.

Thermal runaway results from a series of chain exothermic reactions within the bat-
tery, typically initiated by the decomposition of the negative electrode’s solid electrolyte
interphase (SEI) film. This is followed by reactions between the negative electrode and elec-
trolyte, decomposition of the positive electrode material releasing oxygen, and subsequent
electrolyte decomposition [8,9]. These reactions create a “heat-temperature-reaction” cycle,
ultimately causing a rapid increase in battery temperature and triggering thermal runaway.
Early research primarily focused on the triggering mechanisms and multiphysics coupling
processes of thermal runaway. Tran et al. [10] systematically reviewed the chemical reac-
tion pathways, exothermic stages, and model classifications related to lithium-ion battery
thermal runaway. They summarized current applications of kinetic models, heat transfer
models, and multiscale coupling models, identifying parameter calibration difficulties
and computational complexity as the main bottlenecks in mechanism-based modeling.
Wang et al. [11] further analyzed the evolution of multiscale thermal runaway models,
proposing that incorporating material decomposition kinetics and gas release processes
significantly enhances prediction accuracy. While such physics-based models effectively
capture the essence of thermal behavior, their high parameter sensitivity and challenges in
experimental validation hinder direct application in online risk prediction.

With advancements in sensor and data acquisition technologies, data-driven thermal
runaway prediction has emerged as a new research focus. Qian et al. [12] conducted a
systematic review of data-driven modeling and thermal management applications for
lithium-ion battery thermal behavior, summarizing the use of statistical learning, machine
learning, and hybrid models in heat-generation-rate prediction, temperature-field model-
ing, and cooling-strategy optimization. However, most existing studies focus primarily
on thermal behavior itself, with insufficient characterization of the long-term evolution of
thermal-runaway risk. Kitagawa et al. [13] integrated mechanism-based TR/TRP surrogate
modeling with uncertainty analysis, yet the input variables remain dominated by ther-
mophysical and structural parameters, leading to inadequate coupling with full life-cycle
battery degradation states. Zhang et al. [14] experimentally investigated the relationships
among aging pathways, material systems, and thermal-runaway characteristic parameters,
conducting thermal-runaway tests on cells subjected to different aging conditions. Nev-
ertheless, these studies generally remain limited to measuring changes in TR parameters
under a small number of aging scenarios, rather than developing data-driven “thermal-
runaway risk models” based on large-scale operational data and multi-source degradation
information. Ouyang et al. [15] proposed an experimental data-driven thermal runaway
prediction method. By modeling voltage and temperature data under varying initial states
of charge and operating conditions, they achieved probabilistic prediction of the thermal
runaway threshold. Choi et al. [16] employed neural networks to establish a rapid thermal
runaway surrogate model. This approach significantly reduces simulation costs while
maintaining prediction accuracy, enabling real-time forecasting capabilities. These methods
overcome the strong parameter dependency of traditional models, though further research
is needed to improve model interpretability and generalization capabilities.

In recent years, researchers have recognized that relying on a single monitoring signal
is insufficient to accurately capture the complex degradation behavior of batteries. Conse-
quently, they have proposed modeling approaches based on the fusion of multiple sources
of degradation information. Xie et al. [17] introduced a multi-parameter fusion method for
early thermal runaway warning. Through joint analysis of voltage and temperature charac-
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teristics, they found that sudden voltage drops often precede sharp temperature increases,
serving as critical precursors to thermal runaway. Liu et al. [18] developed a multimodal
deep learning framework that inputs multidimensional historical operational data into the
network to achieve high-precision estimation of battery State of Health (SOH), validating
the effectiveness of multi-source information fusion in degradation characterization and
safety assessment. These studies provide new pathways for identifying potential thermal
risks using multi-source data. In practical applications, both battery health and state of
charge jointly influence safety performance. Aged battery modules may exhibit accelerated
propagation speeds and heightened hazards during thermal runaway propagation [19–22].
Notably, the widespread adoption of fast-charging technology exposes aged batteries to
increased thermal runaway risks during high-rate charging, including elevated internal
resistance, localized overheating, and accelerated lithium plating [23–26].

Currently, research on thermal runaway in lithium-ion batteries primarily focuses
on material-level approaches and thermal management strategies, such as developing
highly stable electrode materials, optimizing electrolyte formulations, and enhancing the
efficiency of heat dissipation systems [27–31]. Additionally, many researchers are dedicated
to elucidating the chain reaction mechanisms and critical conditions of thermal runaway,
determining key parameters like the self-heating onset temperature (T1) using accelerated
rate calorimetry (ARC) [32,33]. However, most existing studies rely on fresh batteries or
standardized aged samples. Systematic modeling and quantitative analysis of how perfor-
mance degradation caused by complex operating conditions during actual use affects the
evolution of thermal stability remain lacking [34,35]. Notably, as illustrated in Figure 1, the
degradation behavior of lithium-ion batteries involves a multi-mechanism coupled, path-
dependent stochastic process influenced by random operating conditions during use. This
introduces uncertainty into the degradation process of the battery’s “strength”—its capacity
to withstand external stresses without undergoing thermal runaway. Furthermore, external
triggering stresses also exhibit randomness, making it challenging to effectively quantify the
probability of exceeding this “strength” (i.e., the thermal runaway risk) [36]. This characteristic
renders traditional deterministic models incapable of accurately capturing risk dynamics in
real-world scenarios, thereby failing to quantitatively characterize the gradually increasing
thermal runaway risk of lithium-ion batteries as cycle numbers accumulate.
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Figure 1. Schematic Diagram of Thermal Runaway Risk Under Randomly Triggered Stress. As the
number of cycles increases, the probability density function of the battery’s ‘strength’ (its ability
to withstand stress, blue curves) degrades and shifts. Meanwhile, the external triggering stress
(red curve) is random. Thermal runaway occurs when the random stress exceeds the battery’s
current strength.

In summary, the current research landscape presents the following primary shortcom-
ings: First, there is a need to extract integrated indicators from multi-source monitoring
data that both reflect degradation status and correlate with thermal stability. Second, it is es-
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sential to develop probabilistic models that can simultaneously characterize the uncertainty
of degradation processes and the randomness of external triggering stresses.

This paper proposes a method for predicting the risk of thermal runaway in power
lithium-ion batteries by fusing multi-dimensional degradation information and employing
stochastic process modeling. By integrating features such as the mean current and current
standard deviation during charging through a PINNs-based model, a comprehensive
parameter that characterizes both degradation and thermal runaway risk is developed.
Additionally, a stochastic failure-threshold Wiener process model is introduced to quantify
the probability of thermal runaway occurrence. This research addresses the modeling gap
in dynamically mapping performance degradation to thermal runaway risk, providing
proactive safety warnings for Battery Management Systems (BMS). This advancement
supports the reliable operation of power batteries throughout their entire lifecycle.

2. Analysis of Lithium-Ion Battery Degradation and Thermal Runaway
2.1. Causes and Characterization of Lithium-Ion Battery Degradation

The degradation of lithium-ion batteries is a complex electrochemical process involv-
ing multiple coupled mechanisms, primarily manifested as the irreversible loss of active
lithium and the continuous structural evolution of electrode materials. Among these factors,
the solid electrolyte interphase (SEI) film grows continuously during cycling, persistently
consuming active lithium and electrolyte, making it one of the primary contributors to
capacity decay. Under conditions such as low temperatures, high-rate charging, or over-
charging, lithium metal may deposit on the anode surface. This not only results in the
loss of reversible lithium but may also trigger lithium dendrite growth, increasing the
risk of internal short circuits. Cathode materials undergo structural phase transitions,
lattice distortion, and even dissolution of transition metal ions during repeated lithium-ion
intercalation and deintercalation cycles, further accelerating capacity decay. Additionally,
electrolyte decomposition under high-temperature or high-voltage conditions contributes
to increased internal resistance, hastening overall performance degradation. To quantify
battery performance decline, the State of Health (SOH) is commonly used as a key evalua-
tion metric, defined as the percentage of the current actual capacity relative to the rated
initial capacity:

SOH = C_current/C_rated × 100% (1)

where C_current represents the battery’s current maximum available capacity (Ah), and
C_rated denotes the battery’s factory-rated capacity (Ah). State of Health (SOH) effectively
reflects the degree of battery capacity degradation and serves as a crucial parameter for
assessing battery aging.

However, as a macro-level performance metric, SOH primarily reflects capacity loss
and does not comprehensively capture the evolution of a battery’s thermal safety charac-
teristics. In practical applications, capacity degradation does not directly correlate with
the risk of thermal runaway; therefore, relying solely on SOH cannot effectively assess
the potential danger of thermal runaway under abuse conditions. To evaluate lithium-ion
battery safety more comprehensively, it is essential to introduce characterization parameters
that directly reflect thermal stability. T1, defined as the self-heating onset temperature of
lithium-ion batteries, indicates the impact of accumulated internal side reactions on thermal
safety characteristics [37]. Given T1’s direct correlation with both battery degradation status
and thermal runaway behavior, this study employs T1 as a key indicator for modeling
thermal runaway risk during battery aging.
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2.2. Causes of Thermal Runaway and Factors Contributing to Increased Probability

Thermal runaway is the most severe safety failure mode in lithium-ion batteries. It is
driven by a series of internal exothermic chain reactions that ultimately result in an uncon-
trollable, often explosive, release of energy. This phenomenon originates from the intrinsic
thermal instability of the battery’s material system. A typical thermal runaway pathway
proceeds sequentially through the following stages: decomposition of the solid electrolyte
interphase (SEI) layer; reactions between the anode and the electrolyte; melting of the sepa-
rator and the resulting internal short circuit; decomposition of the cathode material with
concomitant oxygen release; and, finally, violent combustion of the electrolyte accompanied
by material ejection. In thermal safety analysis, the self-heating onset temperature (T1) is
a key parameter for evaluating battery thermal stability. Commonly determined using
adiabatic techniques such as accelerated rate calorimetry (ARC), T1 is defined as the critical
temperature at which the rate of heat generation within the cell begins to exceed the rate of
heat dissipation to the surroundings. This point marks the transition of the battery from a
thermally safe state to a self-heating regime.

Battery aging is a critical factor that elevates the risk of thermal runaway. Throughout
cycling and operational use, the internal chemical and physical states of a battery undergo
considerable alterations, including continuous thickening of the solid electrolyte interphase
(SEI), irreversible loss of active lithium, structural degradation of electrode materials, and
increased internal resistance. These degradation mechanisms directly influence the battery’s
heat generation behavior and thermal stability. Their combined effect leads to a marked
shift in the critical temperature parameter T1. For instance, after prolonged exposure to
high temperatures and high-rate charging, the T1 value of power batteries can decrease
significantly—from an initial 100 ◦C down to approximately 60 ◦C [38]. In such an aged
condition, if local battery temperature exceeds the reduced T1 threshold due to ambient
conditions or inadequate cooling performance, the self-heating phase is initiated. During
this stage, internal exothermic side reactions commence and accelerate exponentially with
rising temperature, in accordance with the Arrhenius law. If the thermal management
system (TMS) fails to dissipate heat effectively at this point, the system rapidly progresses
into severe instability: temperatures rise sharply, activating the aforementioned chain
reactions and ultimately resulting in thermal runaway—manifested as fire or explosion.
Thus, the evolution of the T1 parameter directly governs a battery’s ability to withstand
external thermal challenges throughout its service life. A decline in T1 fundamentally
indicates an elevated probability of thermal runaway. A thorough investigation and
quantitative analysis of the intrinsic relationship between T1 and the battery’s degradation
state are essential for accurately assessing and predicting thermal safety risks over the full
battery lifecycle.

2.3. Analysis of T1 Degeneration Patterns and Stochastic Process Framework

Feng X et al. [39] investigated the common mechanisms underlying thermal runaway
in lithium-ion batteries using extensive thermal analysis data. Through numerous ther-
mal analysis experiments, the study qualitatively demonstrated that high-temperature
accelerated aging typically leads to the formation of a thicker, more stable solid electrolyte
interphase (SEI) film. This film may act as a “protective shell,” enhancing the battery’s
thermal stability to some extent, as evidenced by an increase in the T1 value. Conversely,
low-temperature or high-rate accelerated aging readily induces lithium metal deposition
on the anode surface (lithiation). The deposited metallic lithium is highly reactive and
can undergo violent reactions with the electrolyte at lower temperatures, significantly
reducing the T1 value and greatly increasing thermal risk. Additionally, excessively high
temperatures can destabilize the SEI film, causing it to decompose at lower temperatures
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and similarly leading to a decrease in the T1 value. These findings indicate that changes
in T1 are not monotonically dependent but are highly influenced by the specific aging
pathway of the battery, including the type, intensity, and history of aging stresses.

Ren D et al. [40] identified the relationship between T1 and SOH, demonstrating that
T1 can be considered a function of battery SOH. Building on this foundation, the present
study further investigates the impact of complex real-world operating conditions, where the
service environment of lithium-ion batteries is inherently random—characterized by envi-
ronmental temperature fluctuations, random fast charging events, and other factors. These
random stresses, including high temperature, low temperature, and high-rate charging,
collectively drive the decline in SOH and the evolution of the T1 parameter. Consequently,
the variation in T1 itself constitutes a stochastic process influenced by external random
stresses. Accordingly, the probabilistic thermal runaway risk model developed in this
paper fundamentally treats T1 as a random variable that evolves with SOH and is affected
by historical random stresses, rather than as a deterministic parameter. By constructing a
stochastic evolution model for T1, we can more accurately predict the probability of thermal
runaway initiation in a battery at a specific degradation state under random temperature ex-
citations encountered during actual operating conditions. This approach enables dynamic
and forward-looking risk assessment.

3. Lithium-Ion Battery Thermal Runaway Risk Prediction
Modeling Process
3.1. Procedure of the Proposed Approach

To improve the reliability of thermal safety management for lithium-ion batteries,
especially in dynamically predicting thermal runaway risks throughout their entire life-
cycle, this study proposes an integrated modeling framework that combines data-driven
and physical mechanism approaches. The core of this framework involves using battery
degradation data to dynamically track the degradation trajectory of a key thermal runaway
indicator (T1) and quantifying the probability of thermal runaway risk based on stochastic
process theory. The overall workflow is illustrated in Figure 2.

Degradation data of multi-feature parameters of 
lithium-ion power batteries

Construction of risk indicators for thermal runaway

Nonlinear Wiener process-based random failure threshold 
modeling for thermal runaway

Model based thermal runaway risk calculation

PINNs-based multi-source information integration

 
Figure 2. Procedure for Thermal Runaway Risk Prediction. The process begins with data preprocess-
ing of BMS monitoring data, followed by multi-parameter fusion using a Physics-Informed Neural
Network (PINN). The T1 degradation trajectory is then linearized and modeled using a Wiener
process to compute the dynamic probability of thermal runaway.



Energies 2025, 18, 6241 7 of 16

This process begins by preprocessing historical operational data, such as voltage and
current monitored by the Battery Management System (BMS), to provide a high-quality,
clean data foundation for subsequent analysis. Next, a PINNs-based model is employed
to deeply integrate performance parameters, including current mean, current standard
deviation, and charging time. The core advantage of this method lies in embedding the
electrochemical-thermal coupling mechanism as a constraint within the learning process,
enabling precise macroscopic characterization of unobservable internal states such as SEI
film growth and active lithium loss. Based on the internal states inferred through PINNs
fusion, the critical thermal runaway risk parameter T1 is derived. To facilitate subsequent
stochastic process modeling, the nonlinear degradation trajectory of T1 undergoes a time-
scale transformation, resulting in an approximately linear path within the transformed
feature space. Finally, within this linear space, the Wiener process is used to model the
degradation of T1 while accounting for the randomness of thermal runaway trigger stresses.
This approach enables the derivation of the first-to-reach probability distribution for thermal
runaway risk, thereby achieving dynamic probabilistic prediction of thermal safety status
throughout the battery’s entire lifecycle.

3.2. Multivariate Degraded Information Fusion Method

To accurately determine T1, a key parameter characterizing thermal runaway risks in
lithium-ion batteries, this study proposes a multi-degradation information fusion method.
The workflow is illustrated in Figure 3, with its core principle being the integration of mul-
tiple monitorable external electrical characteristics to indirectly infer the thermal stability
parameter T1, which is challenging to measure directly in real time.

Dataset of eight current characteristics

PINNs-based multi feature fusion 

Quantitative representation of T1 based on fusion indicators

Time scale transformation-based data preprocessing for T1 

Degradation dataset of T1 used for thermal runaway risk prediction
 

Figure 3. Multi-source information fusion for obtaining the characterization parameter T1. Multiple
features are extracted from the charging current data and fused via a PINN to estimate the State of
Health (SOH). The SOH is then mapped to the T1 parameter based on an offline-calibrated SOH-T1

relationship, which is subsequently linearized for stochastic process modeling.

First, multiple current-related feature values are extracted from battery degradation
data. These features form a multivariate information vector that reflects changes in the
battery’s internal state. Subsequently, PINNs are employed to deeply fuse this multivariate
information. After obtaining reliable state of health (SOH) estimates via PINNs, the process
proceeds to extract the SOH-T1 correlation. An intrinsic coupling exists between a battery’s
macro-level performance degradation (SOH) and its micro-level thermal stability (T1).
This relationship is typically calibrated and validated through offline adiabatic thermal
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runaway calorimetry experiments. However, the intrinsic relationship between SOH and T1

often exhibits nonlinear characteristics, making it unsuitable for direct dynamic prediction.
Therefore, the next step involves linearizing the extracted correlation, transforming the
nonlinear SOH-T1 relationship curve into an approximate straight line within a linear
space. Within this linear space, a linear prediction model can be employed to dynamically
extrapolate the current T1 value based on the estimated SOH.

Through this sequential series of data fusion and transformation steps, the model can
generate real-time estimates of the representative parameter T1 from readily accessible,
degraded data. This approach effectively overcomes the challenge of T1’s inability to be
measured directly online, establishing a solid foundation for subsequent probability-based
thermal runaway risk prediction based on T1 degradation trajectories.

3.3. Thermal Runaway Risk Prediction Model Based on Nonlinear Wiener Process

The degradation process {X( t),t ≥ 0} of the composite degradation parameter T1,
obtained through multi-parameter fusion, is transformed using nonlinear transformation
and linear regression models into a monotonically increasing battery degradation process
that follows a linear Wiener process:

X(t) = µt + σB(t) (2)

where µ is the drift coefficient, characterizing the average rate of degradation; σ is the
diffusion coefficient, characterizing the random fluctuations in the degradation process;
B(t) is the standard Brownian motion. Therefore, at any time t, X(t) follows a normal
distribution, namely:

X(t) ∼ N
(

µt, σ2t
)

(3)

Define the onset of thermal runaway in a battery as the moment when the health
indicator X(t) first crosses a critical failure threshold L. Let T denote the time of the first
crossing into thermal runaway. The risk prior to time t can be defined as:

F(t) = P(T ≤ t) = P(in f {τ ≥ 0|X(τ) ≥ L} ≤ t) (4)

For a linear Wiener process, the first crossing time T follows an inverse Gaussian distribution.
If the external trigger stress for thermal runaway targeting the characteristic parameter

T1 is a definite constant L, then the cumulative distribution function (CDF) of the inverse
Gaussian distribution, i.e., the thermal runaway risk function, is:

F(t) = Φ

(
µt − L
σ
√

t

)
+ exp

(
2µL
σ2

)
Φ

(
− L + µt

σ
√

t

)
(5)

where Φ(·) denotes the cumulative distribution function (CDF) of the standard normal distribution.
However, in actual conditions, due to individual battery variations, the complexity

of operating conditions, and the inherent unpredictability of thermal runaway itself, the
external stress inducing thermal runaway is not a fixed value but a random variable.
Assuming L follows a normal distribution L ∼ N

(
µL, σ2

L
)
, its probability density function is:

fL(𝓁) =
1

σL
√

2π
exp

(
− (𝓁 − µL)

2

2σ2
L

)
(6)

At this point, the overall thermal runaway risk F(t) can be calculated using the
following equation:
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F(t) =
∫ ∞

−∞

[
Φ

(
µt − 𝓁

σ
√

t

)
+ exp

(
2µ𝓁
σ2

)
Φ

(
−𝓁 + µt

σ
√

t

)]
fL(𝓁)d𝓁 (7)

The analytical solution for the above integral expression is complex. When the stan-
dard deviation of the external applied stress σL is relatively small, approximate results can
be obtained using mathematical methods such as Taylor series expansion:

F(t) ≈ Φ

 µt − µL√
σ2t + σ2

L

+ exp

(
2µµL

σ2 +
2µ2σ2

L
σ4

)
Φ

− µL + µt√
σ2t + σ2

L

 (8)

This approximate form combines mathematical simplicity with engineering practical-
ity. Notably, when σL = 0, the equation degenerates into the case of a fixed external trigger
stress, verifying its consistency.

In this study, X(t) represents the health indicator derived from T1 after linearization
through multi-source information fusion. The distribution parameters (µ L, σL) of the exter-
nal trigger stress can be determined through statistical analysis of ambient temperatures
in actual operating conditions of power batteries. This model successfully captures both
the randomness of the performance degradation process ( µ, σ) and the randomness of
thermal runaway trigger conditions (µ L, σL), enabling a more comprehensive and accurate
probabilistic prediction of lithium-ion battery thermal runaway risk.

4. Case Study and Discussion
4.1. Parameter Fusion for Thermal Runaway Risk Characterization Based on PINNs

The charging and discharging data selected for modeling in this paper are from the
XJTU battery dataset (used 18,650 nickel-cobalt-manganese (NCM) lithium-ion battery) [41],
with the following test conditions: 2C (charging to 4.2 V with a constant current of 2.0C (4 A),
then maintaining the voltage unchanged until the current drops to 0.05C (0.1 A); resting for
5 min; discharging at 1.0C (2 A) until 2.5 V; resting for 5 min). Wang F et al. [42] fused the
mean, standard deviation, kurtosis, skewness, charge time, cumulative charge, curve slope,
and curve entropy of voltage and current curves to obtain the SOH comparison results
shown in Figure 4. The six batches represent batteries aged under different operational
strategies. Batch 1 was specifically chosen because its charging-discharging protocol aligns
with the experimental conditions used in Ren et al. [40].

Figure 4. Fusion SOH Comparison Results. The SOH estimation results of proposed PINN. The
predicted and true SOH are distributed near the diagonal, indicating that the model performs well.

By calculating the Pearson correlation coefficients between features, the relationships
among various features were analyzed. It was found that eight features related to current
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exhibited strong correlations with SOH. Therefore, this paper extracted eight current-related
parameters that are highly correlated with lithium battery performance degradation: mean
current, current standard deviation, current kurtosis, current skewness, charging time,
cumulative charge, current curve slope, and current curve entropy. These parameters
were used as multi-source information for fusion-based SOH estimation. Based on the
approximate relationship between T1 and SOH shown in Figure 5, the T1 degradation curve
depicted in Figure 6 was obtained.

Figure 5. Relationship curve between T1 and SOH [40]. The plot shows a general trend of decreasing
T1 with reducing SOH, indicating the degradation of thermal stability as the battery ages.

Figure 6. Degradation Curve of Thermal Runaway Risk Characterization Parameters Obtained via
Multi-Source Information Fusion. The T1 value, representing the battery’s thermal stability, decreases
as the number of cycles increases.

Given the fundamental need to linearize degradation processes in Wiener process
modeling, this paper employs a time-scale transformation to linearize the degradation of
thermal runaway risk characterization parameters. The time-scale transformation model
used is presented in Equation (9):

t = Cycle2 (9)
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The (Cycle2) transformation maps the original cycle count to a new feature space, estab-
lishing a highly linear relationship between T1 and t. The coefficient of determination, R2,
for this linear relationship reaches 0.977. The degenerate trajectory is illustrated in Figure 7.

Figure 7. Linearization Results of Thermal Runaway Risk Characterization Parameters. The trans-
formed data shows a strong linear relationship (R2 = 0.977), making it suitable for modeling with a
linear Wiener process.

4.2. Parameter Estimation for Thermal Runaway Risk Prediction Model

The Wiener process is a continuous-time stochastic process commonly used to model
battery degradation behavior. In this model, the drift coefficient represents the average
degradation rate, while the diffusion coefficient reflects the variability in the degradation
process. These parameters are estimated using the battery’s incremental degradation data.

Extract the degradation increment at each time step from the battery degradation
data. Assuming the degradation amount at time step i is Xi, the degradation increment
∆Ti is defined as:

∆Xi =
Xi − Xi−1

∆ti
(10)

where ∆ti denotes the transformed cycle count step size.
Employing the maximum likelihood estimation method, calculate the mean and

standard deviation of the degenerative increment, serving as the drift coefficient and
diffusion coefficient of the Wiener process, respectively:

µ =
1
n

n

∑
i=1

∆Xi (11)

σ =

√
1

n − 1

n

∑
i=1

(∆Xi − µ)2 (12)

Here, n denotes the number of iterations for the degenerate increment. The estimated
model parameters are µ = −6.177 × 10−5 and σ = 0.03524.

4.3. Thermal Runaway Risk Curve

The battery degradation process is modeled as a Wiener process. Thermal runaway is
considered to occur when the degradation level first reaches a specific threshold. Due to
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the uncertainty surrounding this threshold, it is assumed that the random failure threshold
follows a normal distribution:

F(x|µL, σL) =
1

σL
√

2π
e
− (x−µL)

2

2σL
2 (13)

where µL denotes the mean and σL denotes the standard deviation. Based on the current
operating conditions of lithium batteries, the distribution parameters for randomly trig-
gered stresses are reasonably assumed to be µL = 68.65, σL = 1.00. The schematic diagram
of the threshold distribution curve is shown in Figure 8:

Figure 8. Schematic Diagram of Threshold Distribution. The threshold is assumed to follow a normal
distribution with a mean µL of 68.65 and a standard deviation σL of 1.00.

The random failure threshold complicates analytical calculations for predicting ther-
mal runaway risks. Monte Carlo methods can approximate integral computations under
random failure threshold conditions through numerical simulation, thereby circumventing
complex analytical derivations while maintaining accuracy in long-term forecasting. This
study employs Monte Carlo simulation to randomly sample 100 threshold values from
the distribution, generating the thermal runaway risk curve for this lithium-ion battery, as
shown in Figure 9.

This graph illustrates the evolution of lithium-ion battery thermal runaway risk prob-
ability as the cycle count increases, based on the predictive model described above. The
curve reveals the intrinsic relationship between battery aging and the degradation of ther-
mal safety performance. Analysis of the thermal runaway risk probability curve shows
an S-shaped growth pattern, indicating that the risk of thermal runaway in lithium-ion
batteries increases non-linearly with cycle count. Specifically, when the cycle count is below
500, the risk probability remains near zero, representing a safe phase. Beyond 500 cycles,
the risk probability begins to rise gradually, reflecting the potential hazards associated with
accelerated battery aging. Upon reaching approximately 1000 cycles, the thermal runaway
risk probability exceeds 10%, highlighting the need for targeted intervention measures to
prevent thermal runaway events.
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Figure 9. Thermal Runaway Risk Curve. The S-shaped curve indicates that the risk remains
low during early cycles but increases non-linearly after approximately 500 cycles, exceeding 10%
around 1000 cycles.

In summary, the generated curve characterizes the cumulative evolution of thermal
runaway risk throughout battery cycling. It underscores the necessity for enhanced health
monitoring and safety management strategies, particularly at high cycle counts where the
probability of thermal runaway increases markedly. It should be noted that the present risk
estimation is derived under assumed random trigger-stress conditions, and therefore may
not fully represent all real-world operating scenarios.

Overall, the proposed lithium-ion battery thermal runaway risk prediction framework
provides an effective means of quantifying the probabilistic occurrence of thermal runaway
based on comprehensive degradation information obtained during actual battery use. The
resulting risk curve delivers meaningful insights for battery health assessment and safety
decision-making, highlighting the practical value of the method in real-world applications.

5. Conclusions
This study addresses the critical issue of the dynamic evolution of thermal runaway

risk during the aging process of lithium-ion power batteries. It proposes a risk probability
prediction method based on multi-factor degradation information fusion and stochastic
process modeling. By systematically integrating electrochemical degradation data with
data-driven analysis, the method effectively maps performance degradation to thermal
runaway trigger probability estimation, providing novel insights for lithium-ion battery
safety early warning systems. The principal conclusions of this research are as follows:

(1) Through a multi-degradation information fusion approach, the model can indirectly
estimate the characteristic parameter T1 using readily accessible degradation data.
This method effectively addresses the challenge of T1’s inability to be measured
directly in real time, thereby establishing a robust foundation for predicting thermal
runaway risk probabilities based on T1 degradation trajectories.

(2) The introduction of Wiener processes for stochastic modeling of battery degrada-
tion provides a comprehensive characterization of the uncertainty inherent in the
cycling aging process of lithium-ion batteries. Furthermore, by addressing the non-
deterministic nature of externally triggered stresses in thermal runaway, a risk model
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more closely aligned with engineering practice has been developed, enabling dynamic
estimation of thermal runaway probability.

However, this study has certain limitations. Since the selected XJTU dataset did not
include measured data for the battery thermal runaway characteristic parameter (T1), the
risk modeling examples in this paper relied on the T1-SOH relationship curve for NCM523
batteries from the research by Ren D et al. [40] for method validation. Consequently,
the model’s accuracy in practical applications depends heavily on the precision of the
T1-SOH relationship.

Future research endeavors may proceed in the following directions: first, conduct
T1 data measurement experiments and extend this methodology to different battery
chemistries and complex operating conditions; second, investigating online updating
mechanisms to enable real-time parameter identification and dynamic risk prediction.

In summary, the probabilistic risk estimation method proposed here not only
serves as an effective theoretical tool for lithium-ion battery safety management but
also provides valuable insights for degradation failure modeling in other fields that
require high reliability.
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Glossary
The following abbreviations are used in this manuscript:

XJTU Xi’an Jiaotong University
PINNs Physics-Informed Neural Networks
SOH State of Health
ARC Accelerating Rate Calorimeter
PDF probability density function
CDF cumulative distribution function
TR Thermal Runaway
BMS Battery Management System
SEI Solid Electrolyte Interface
TMS Thermal Management System
C_current Battery’s current maximum available capacity
C_rated Battery’s factory-rated capacity
X(t) Composite degradation parameter (linearized form of T1)
µ Drift coefficient in the Wiener process
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σ Diffusion coefficient in the Wiener process
B(t) Standard Brownian motion
L Critical failure threshold for thermal runaway
µL Mean of the random failure threshold L
σL Standard deviation of the random failure threshold L
T First-passage time to thermal runaway
F(t) Cumulative Distribution Function (CDF) of thermal runaway risk
Φ(·) Cumulative Distribution Function of the standard normal distribution
fL(𝓁) Probability Density Function (PDF) of the random threshold L
Cycle Battery charge–discharge cycle number
t Transformed time scale
∆Xi Degradation increment at time step i
∆ti Transformed cycle count step size
n Number of iterations for the degenerate increment
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