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Abstract 

This study focuses on the thermal runaway (TR) risk of lithium-ion batteries (LIBs) and 
explores data-driven multi-sensor early warning and risk-oriented prognostics based on 
the intrinsic thermal behavior of batteries. A framework is proposed to support health 
information extraction using multi-sensor monitoring data, where data-driven ap-
proaches are adopted to address multicollinearity among parameters and explore their 
synergistic effects. The identified health-related features help characterize abnormal be-
havior and model health index propagation under TR evolution, which support the de-
sign of warning points and estimation of remaining time before TR (time-to-TR). The 
framework is validated through a designed experiment, where the Accelerating Rate Cal-
orimeter (ARC) is employed to create adiabatic conditions for LIBs. The experiment helps 
minimize external impacts during TR evolution and validate the framework according to 
the intrinsic characteristics of batteries related to TR risks. The results from Leave-One-
Sample-Out cross-validation preliminarily demonstrate the application potential of iden-
tified feature behavior patterns in early warning and risk-oriented prognostics. The inte-
gration of these functions can enhance the current TR risk management solutions, trans-
forming monitoring data into decision support information for proactive risk mitigation. 

Keywords: lithium-ion battery; thermal runaway; early warning; risk-oriented  
prognostics; multi-sensor fusion 
 

1. Introduction 
The rapid development of electric vehicles, portable electronics, aerospace, and other 

fields broadens the applications of lithium-ion batteries (LIBs) [1,2]. LIBs are discussed as 
having advantages of high energy density, high specific capacity, and long cycle life 
among currently popular energy storage devices [3,4]. On the other hand, the safety of 
LIBs has become a critical concern. As discussed in [5,6], there are flammable internal 
materials stored within the closed structure of LIBs, which makes them face higher ther-
mal runaway (TR) risks. Many studies have revealed accidents caused by TR in LIBs. For 
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example, TR is usually the root cause of electric vehicles’ combustion accidents. Thermal, 
electrical, and mechanical abuse, such as extreme heat, quick charge/discharge cycles, or 
physical harm, can result in TR. They trigger the internal reaction of LIBs, generate and 
accumulate a large amount of gas and heat, and are likely to introduce combustion and 
even explosion [7,8]. 

To cope with TR risks of LIBs, numerous endeavors have been conducted to develop 
early warning technologies and strategies, with the intention of proactively intervening 
in advance instead of passively reacting after the TR occurrence. Such research relies on 
the understanding of TR mechanisms, involving initiation conditions, evolution paths, 
measurements, etc. At the fundamental level, ref. [9] illustrate the TR mechanism as chain 
reactions, where the abnormal heat generation in LIBs initiates a series of side reactions, 
like the decomposition of the solid electrolyte interface, reactions at the anode/cathode, 
decomposition of the electrolyte, etc. More heat has been released by side reactions, form-
ing a Heat–Temperature–Reaction loop. Due to serious fire hazards, the TR process is usu-
ally accompanied by some typical phenomena, like gas release, combustion, injection, etc. 
[10]. Building upon the mechanism, developing TR early warning technologies relies on 
identifying representative signals from typical TR phenomena. General characteristic pa-
rameters can be temperature, voltage, current, gas, acoustic, etc. [11,12]. Currently, TR 
early warning technology has been discussed as falling into three categories [8]: battery 
management systems (BMSs), sensors based on internal parameters, and sensors based on 
gas signals. 

A BMS is widely adopted as a proactive safety management method in electric vehi-
cles. Through deploying multiple sensors to monitor temperature, voltage, and other 
characteristics of batteries, a BMS supports the state estimation (state of charge, stage of 
health), cell balancing among packs, anomaly detection, diagnosis, and triggering actions 
in battery thermal management systems (BTMSs) when LIBs are detected beyond the nor-
mal operating window [13,14]. At the same time, the limitations of a BMS are obvious 
when maintaining thermal stability, especially regarding TR risks. For example, a BMS 
mainly measures surface temperature, terminal voltage, and terminal current; these pa-
rameters usually show a slow response. As pointed out in [15], previous experiences have 
revealed the insufficiency of temperature signal-based alarm triggers, where the signifi-
cant abnormality has already occurred by the time of triggering. In addition, to diagnose 
anomalies, threshold analysis is widely employed to determine the fault by predefined 
parameter boundaries of the temperature or voltage [14]. The determination based on a 
single or a few parameters limits the robustness of detection results, especially in scenarios 
influenced by uncertain working conditions and environmental factors. 

Compared to the BMS approach based more on external parameters, monitoring in-
ternal parameters is another solution. It can directly reflect internal situations of LIBs, like 
the local temperature, strain, pressure, and refractive index [16]. Introducing internal pa-
rameters enhances the state representation of LIBs. However, many of these technologies 
rely on deploying special equipment and large sensors, which hinders their applicability 
[17]. In this case, gas signal-based approaches display their advantages in TR early warn-
ing. As a typical phenomenon in TR processes, sensing based on gas displays a faster re-
sponse than conventional temperature sensing when detecting TR propagation [11]. In 
addition, these approaches show the potential to integrate other technologies. For exam-
ple, ref. [13] propose a three-level early warning scheme for TR based on gas pressure 
monitors, with the incorporation of LIBs’ internal reaction mechanisms and exterior state 
characteristic behaviors. As a relatively comprehensive solution, however, this scheme 
places higher requirements on sensors, such as the resistance to high temperatures, elec-
trolyte corrosion, having low cross-sensitivity, immunity to interference from extraneous 
factors, etc. As a summary, though the mentioned three categories of TR early warning 
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technologies show advantages in different aspects, they share the core idea of triggering 
the alarm according to discovered early features in TR processes through monitoring one 
or multiple characteristic parameters of LIBs. Therefore, data fusion appears promising to 
enhance the robustness of safety models by accurately characterizing TR scenarios [16,18]. 

The performance of early warning strategies also highly relies on fault diagnosis 
methods. Liang et al. [19] summarize three categories of such methods: the threshold anal-
ysis method, model-driven method, and data-driven method. Firstly, the threshold anal-
ysis method is widely adopted in a BMS, determining the fault according to predefined 
parameter boundaries. The warning strategy based on this method relies on identifying 
key physical characteristic parameters that are highly correlated with TR. Once the TR-
related signal is detected, the system immediately triggers the warning alarm [20]. The 
advantage of this strategy is that it does not require complex mathematical models. How-
ever, setting appropriate thresholds is a main challenge. LIBs can exhibit different thermal 
behaviors under different operation conditions, and it is difficult to define a universally 
effective threshold [21]. Moreover, effectively collecting physical characteristics requires 
more advanced sensors, which limits the applicability of such methods [22]. 

The model-driven methods utilize modeling tools to predict the electrical and ther-
mal characteristics of the battery during TR and TR propagation behavior. The established 
model could be a physical model and a propagation model. Physical models can be estab-
lished by coupling the multiphysics of individual cells, such as the electrochemical–ther-
mal model [23], gas diffusion model [24], electrochemical–thermal–mechanical mul-
tiphysics field coupling model [25], etc. The development of these models requires a com-
prehensive understanding of multiphysics coupling. Compared with them, the propaga-
tion model focuses on the propagation path of TR within battery modules. However, they 
face limitations such as large time consumption, high experimental costs, and high uncer-
tainty in TR propagation behavior. These limitations inspire the development of equiva-
lent models, but they usually rely on simplifying assumptions, which may limit the 
model’s precision [26]. Furthermore, diverse abuse situations of LIBs in actual operations 
increase the difficulty of recognizing corresponding failure behaviors, which limits the 
applicability of physical and propagation models [20]. 

Benefiting from the high availability of battery data, the data-driven methods pro-
vide a better solution for leveraging monitoring data to identify early signs of TR. By pay-
ing less attention to complex electrochemical modeling and detailed analysis of internal 
physical parameters, these approaches achieve warning functions through extracting in-
formative features and establishing mappings between data patterns and safety-related 
states [27]. As an important task, the feature extraction can be supported by statistical 
analysis [28], signal processing [29], and machine learning algorithms [30]. Among them, 
machine learning algorithms display strong capability in addressing nonlinear relation-
ships and high-dimensional data, usually relying on neural networks, regression tech-
niques, time-series models, or other sophisticated fusion schemes [31]. More recently, to 
address the limitations of individual machine learning algorithms and to improve the ac-
curacy, robustness, and generalization ability of data-driven methods, hybrid architec-
tures have been increasingly developed. By integrating techniques such as a convolutional 
neural network (CNN), long short-term memory network (LSTM), and attention mecha-
nisms, these approaches can collaboratively capture temporal and spatial features from 
battery monitoring data, and thus enhance the representation of safety-related states 
based on the fusion of multiple health features [32]. 

Based on the advantages of data-driven methods, the prognostics approaches of LIBs 
have been widely developed to forecast the performance of unseen batteries, including 
state of health (SOH), state of charge, and remaining useful life of LIBs [20]. These ap-
proaches enhance current early warning technologies by enabling the capability of health 
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state assessment and potential anomaly/fault prognostics. As a result, sufficient decision 
support information is available to support proactive decision-making [33,34]. However, 
current prognostics studies focus more on battery performance degradation and lifetime 
prediction rather than safety-critical events such as TR. TR management mainly relies on 
anomaly detection and early warning, which lack the perspective of integrating prognos-
tic capabilities within the TR management framework. Moreover, the reliability of prog-
nostics models faces challenges such as data acquisition with limitations from sensor de-
ployment and monitoring range; extracting health information from heterogeneous mon-
itoring data; limited understanding of the evolution of multidimensional sensing signals; 
and the complex coupling mechanism between different characteristic signals under var-
ying operating conditions [20,22]. 

Based on the above literature review, the challenges of establishing physical models 
to characterize TR risks highlight the potential of adopting data-driven solutions in LIB 
safety management. And prognostics from a risk perspective are required to support pro-
active TR risk management. However, the capability of such solutions places higher de-
mands on the reliability of TR characterization, the integration of diagnosis and prognos-
tics models, and the interpretability of models and results. Therefore, this study explores 
a data-driven framework to extract TR-related health information from multi-sensor mon-
itoring data. The extracted health information is further employed to support TR early 
warning and risk-oriented prognostics, aiming to explore the potential of transforming 
monitoring data into actionable information for proactive TR risk management. The 
framework is preliminarily validated through a designed experiment, where the Acceler-
ating Rate Calorimeter (ARC) is employed to create adiabatic conditions for LIBs. Their 
intrinsic thermal behavior is monitored and measured by deploying multiple sensors. The 
experiment helps minimize external impacts during the TR evolution of LIBs and helps 
validate the framework according to the intrinsic characteristics of batteries related to TR 
risks. 

The contribution of this study has been summarized as three aspects: firstly, a data-
driven framework is proposed to extract health information from heterogeneous monitor-
ing data collected during TR evolution and integrate early warning and prognostics func-
tions. Secondly, a risk-oriented prognostic function is developed to estimate the time-to-
TR, exploring the applicability of prognostics techniques to TR management from risk 
perspectives. Lastly, the proposed framework is validated according to the intrinsic ther-
mal behavior of LIBs under different SOH and temperature conditions, which minimizes 
external impacts from environmental and operational factors in the validation step. As a 
result, the health management solution can be enhanced by integrating precursor-based 
early warning and risk-oriented prognostics, and thus support the proactive TR risk mit-
igations. 

The paper has been organized as follows: Section 2 introduces the designed ARC 
experiment and experimental data. Section 3 introduces the methodology. Section 4 dis-
plays and interprets the results. Section 5 provides further discussion about the implica-
tions and limitations of the results, leading to the conclusion in Section 6. 

2. Experimental Design and Monitored Parameters 
The experiment aims to create an adiabatic condition for LIBs using the ARC, where 

the self-heating of batteries is triggered in the chamber through control systems using the 
Heat–Wait–Search protocol. From the self-heating onset moment (𝑇௢௡௦௘௧) to the occurrence 
moment of TR (𝑇்ோ), the battery behavior is monitored using multiple deployed sensors, 
which helps to characterize the degradation process of LIBs based on their intrinsic ther-
mal behavior. 
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Firstly, six Nickel–Cobalt–Manganese (NCM) cells with different initial conditions 
are prepared as experimental samples. The attributes of NCM cells are provided as the 
dimension (7.3 × 91.0 × 186.0 mm), the weight (approximately 279 g), the nominal capacity 
(16 Ah), and the nominal voltage (3.7 V). Each sample is adjusted to different conditions. 
The design of the condition classes follows both the literature and practical experiences. 
Studies suggested that the ideal temperature range for safe LIB operation lies between 25 
and 40 °C [35–37]. In addition, the battery at the 85% SOH level is considered not stably 
functional in practical applications. Therefore, two levels of operating temperatures (nor-
mal temperature, 25 °C, and high temperature, 40 °C) and three levels of state of health 
(SOH: 100%, 95% 85%) are considered in this experiment, categorizing samples into six 
condition classes. 

In total, six experiments are conducted separately on each sample. The ARC equip-
ment adopted in each experiment is manufactured by HEL-UK Ltd. (Borehamwood, UK), 
with the series number BTC-500. The sample is placed in the chamber with a diameter of 
500 mm and a volume of 98 L. For a detailed experiment setup procedure, please refer to 
[38]. 

During the experiment, the monitoring data are recorded at a sampling interval of 
approximately 20 s (corresponding to a sampling frequency of 0.05 Hz). Three types of 
parameters are collected to form the database (Table A1): parameters measured by sensors, 
involving the sample temperature, chamber temperature in different locations, chamber 
pressure, sample voltage, and sample internal resistance; parameters generated by the 
control system of the ARC, involving the set point, exotherm, sample ROC, sample self-
heat, and chamber heating power; and parameters derived from the above parameters, 
involving the pressure rate, pressure acceleration, and sample temperature rate. The in-
terpretation of each parameter is summarized in the table. These parameters are not only 
related to the LIB itself, but also to its interactions with the chamber, exhibiting the overall 
behavior of the LIB–chamber system. Notably, some parameters have similar physical 
meanings. They are either parameters measured at different locations (e.g., Chamber Tem-
perature Top/Side/Bottom) or parameters of different types (e.g., Sample ROC: system-
generated; 𝑑𝑇 𝑑𝑡⁄ : derived). These parameters are chosen to ensure the robustness of the 
measurement process, which helps reduce the risk of bias caused by single-point meas-
urements. Finally, six datasets are obtained recording each sample’s behavior from 𝑇௢௡௦௘௧ 
to 𝑇்ோ; each dataset involves thousands of monitoring data for each parameter, support-
ing the further analysis in the following sections. 

3. Methodology 
Current research highlights the demands of holistic safety frameworks that can dy-

namically adapt to the evolving working environment. Three aspects are discussed as sig-
nificant to safety management: learning from the past, preventing potential loss, and fore-
casting with technological aids. Especially, the predictive capability has been highly em-
phasized to enhance risk management and ensure proactive risk control by leveraging 
advanced technologies [39,40]. In this study, the proposed framework aims to integrate 
health information extraction, early warning, and risk-oriented prognostics under TR evo-
lution. The results help bridge the monitoring and decision support through transforming 
sensed data into sufficient decision support information. 

3.1. Research Framework 

Figure 1 illustrates the overall framework proposed in this study. The framework 
relies on monitoring the multi-domain behavior of batteries during TR evolution. It in-
volves three functions: health information extraction, TR early warning, and risk-oriented 
prognostics. 
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Figure 1. Framework of data-driven early warning and risk-oriented prognostics solutions. 

The function of health information extraction aims to extract representative health 
information from multi-source heterogeneous monitoring parameters. The main task is 
multivariate analysis. It helps reduce multicollinearity among parameters, identify health-
related features, and construct representative health indicators that characterize battery 
behavior under TR evolution. 

The function of TR early warning aims to identify the occurrence of abnormal safety-
related behaviors under TR evolution. These behaviors can indicate potentially hazardous 
states with higher TR risks. The main task related to this function is the warning point 
(WP) design. This task characterizes abnormal behavior patterns, identifies potential TR 
precursors, and provides risk-informed indications regarding the occurrence of TR pre-
cursors before TR onset. 

The function of risk-oriented prognostics is expected to enhance conventional warn-
ing approaches by modeling the propagation of the health index (HI) of batteries and es-
timating the remaining time before TR (time-to-TR). The prognostic results and associated 
uncertainty evaluation results from these tasks can provide quantitative information re-
garding the evolution of TR risks. 

Finally, the outputs from early warning and prognostic functions are integrated as 
quantitative decision support information to benefit proactive TR risk management of 
LIBs. 

3.2. Main Tasks in the Framework 

This section summarizes three main tasks in the proposed framework: multivariate 
analysis, WP design, and time-to-TR estimation. For each task, the adopted techniques as 
supporting tools for implementation in this study are introduced. 

Task 1: Multivariate analysis 
The multi-sensor monitoring data can reflect the thermal, electrochemical, and dy-

namic behavior of LIBs during TR evolution. The high-dimensional data introduce the 
data redundancy and multicollinearity problem and hinder the extraction of valuable in-
formation, which highlights the importance of multivariate analysis. This study employs 
Principal Component Analysis (PCA) as a supporting tool to address multicollinearity. 
Synergistic effects among parameters may potentially characterize the degradation behav-
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ior of LIBs. PCA aims to find the PCA space to represent the direction of the maximum 
variance in the given data [41]. For multiple parameters that increase the complexity of 
data analysis, PCA shows the advantage of converting those potentially correlated param-
eters into a set of linearly uncorrelated principal components (PCs) through orthogonal 
transformation. These PCs capture the underlying correlation structure of the original da-
taset and provide data-driven information support. Based on PCs, health-related features 
associated with TR risks are determined by combining the loading patterns of each PC 
with the physical meanings of corresponding parameters. This increases the interpretabil-
ity of features. These features can further support tasks 2 and 3 as representative health 
indicators. 

Task 2: Warning point design 
Task 2 aims to support TR early warning through identifying and characterizing ab-

normal behaviors from the extracted health information. This task relies on the assump-
tion that the temporal characteristics of health-related features contain precursor infor-
mation and display distinguishable patterns under TR evolution. In this study, trend anal-
ysis is performed to characterize abnormal behavior patterns. These patterns help indicate 
the trend transition and thus facilitate the WP design. As a result, WP can be detected to 
indicate whether the battery has entered a hazardous state associated with an increased 
TR risk. 

Task 3: Time-to-TR estimation 
Task 3 aims to estimate the time-to-TR of the battery based on the HI propagation 

model. Thus, two procedures are important in this task: degradation modeling and time-
to-TR estimation. 

• Degradation modeling. 

Let 𝐻𝐼(𝑡) denote the HI value of LIBs at time 𝑡; 𝐻𝐼(𝑡்ோ) is thus the HI value at the 
TR occurrence time (𝑡்ோ). Being inspired by the concept of the first hitting time (FHT), LIBs 
fail due to TR once they cross the failure threshold, as illustrated in Equation (1): 𝑡்ோ = 𝑖𝑛𝑓ሼ𝑡 ≥ 0 | 𝐻𝐼(𝑡) ≥ 𝜔}  or  𝑡்ோ = 𝑖𝑛𝑓ሼ𝑡 ≥ 0 | 𝐻𝐼(𝑡) ≤ 𝜔} (1) 

where 𝜔 denotes the failure threshold corresponding to TR occurrence. The determina-
tion form depends on the evolution trend of 𝐻𝐼(𝑡), i.e., whether it decreases or increases 
over time. The failure threshold ω can be determined based on the statistical characteris-
tics of 𝐻𝐼(𝑡்ோ). 

Stochastic process modeling techniques are employed to model the HI propagation. 
As discussed in [42,43], these techniques show great potential to capture the stochastic 
dynamics in degradation processes, involving random errors in measurements, uncertain-
ties in the working environments, and individual variability within a population. The 
Wiener process, Gamma process, and inverse Gaussian process are commonly selected 
based on the different natures of assumed degradation processes. Among them, the Wie-
ner process shows advantages of simultaneously characterizing the overall degradation 
trend and random fluctuations in the health indicator. Gamma and inverse Gaussian pro-
cesses are more suitable for monotonic degradation processes. In practice, the degradation 
of LIBs may be influenced by the measurement noise, operating condition variability, and 
complex mechanisms during TR evolution. Thus, without assuming a strict monotonic 
degradation process of LIBs under TR evolution, this study employs a Wiener process-
based degradation model. Its stochastic differential equation is illustrated in Equation (2): 𝑑𝐻𝐼(𝑡) = 𝜇(𝑡)𝑑𝑡 + 𝜎(𝑡)𝑑𝐵(𝑡)    𝑡 ≥ 0 (2) 

where 𝑑𝐻𝐼(𝑡)  denotes the increment in the HI over an infinitesimal time interval 𝑑𝑡 , 𝜇(𝑡) is the drift parameter describing the deterministic degradation trend, 𝜎(𝑡) is the dif-
fusion parameter characterizing stochastic fluctuations, and 𝐵(𝑡)  denotes a standard 
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Brownian motion. Both 𝜇 and 𝜎 are functions of 𝑡. In some cases, a simpler form can be 
employed by considering 𝜎 as a constant parameter. The parameters can be estimated 
through maximum likelihood estimation. 

• Time-to-TR estimation. 

Figure 2 illustrates the time-to-TR estimation mechanism. Given the monitoring data 
of an unseen LIB, the corresponding HI at the current time 𝜏 can be calculated as 𝐻𝐼(𝜏). 
Starting from this condition, Monte Carlo simulations are performed to propagate the fu-
ture evolution of the HI according to Equation (2). In each simulation run, a potential 𝜔 
is sampled from historical observations, which indicates the uncertainty associated with 
TR occurrence. The simulation continues till the propagated HI reaches the sampled fail-
ure threshold according to Equation (1), resulting in a simulated degradation trajectory 
and TR occurrence time (𝑇்ோ). Therefore, the time-to-TR can be calculated as Equation (3): 

Time-to-TR = 𝑇்ோ −  𝜏 (3) 

where 𝜏 denotes the current observation time, and 𝑇்ோ denotes the predicted TR occur-
rence time obtained from the simulated degradation trajectory. 

Repeating the above procedures by increasing the simulation runs, a distribution of 
time-to-TR can be obtained with considerations of uncertainties in HI propagation simu-
lations and TR occurrence. Statistical measures such as the expectation, variance, and con-
fidence intervals can be derived to characterize the uncertainty of prognostic results. 

 

Figure 2. Schematic illustration of time-to-TR estimation. 

4. Results 
In the preprocessing section, a calibration is first conducted on all parameters with 

the following requirements: 

• Guarantee time consistency: 𝑇𝑖𝑚𝑒 = 0 min represents the beginning of self-heating 
processes for all samples. 

• Data quality check: Check for missing values and erroneous data. 
• Normalization: All parameters are normalized through Z-score normalization in or-

der to reduce the influence of scale differences. During each Leave-One-Sample-Out 
cross-validation round, the normalization parameters are calculated exclusively from 
the training set. The same parameters are subsequently used to normalize the corre-
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sponding test sets. This guarantees that no information from the test set is introduced 
during model development. 

4.1. Health Information Extraction 

In this section, an exploratory analysis has been conducted to explore the structure 
of health-related features. To identify physically meaningful feature structures, three cells 
tested under the normal temperature condition (NT-100%, NT-95%, and NT-85%) are se-
lected in the analysis. By choosing cells operating under identical environmental condi-
tions, more consistent degradation and TR evolution patterns can be observed. This im-
proves the robustness of the identified features. 

Building upon the exploratory analysis, the identified feature structure is further val-
idated using all samples. Specifically, the extracted features are evaluated throughout TR 
evolution to assess their consistency under different operating conditions and their rela-
tionship with TR evolution. 

4.1.1. Exploratory Analysis of the Feature Structure 

The Kaiser–Meyer–Olkin (KMO) measure of sampling adequacy and Bartlett’s test of 
sphericity are first performed to assess the suitability of the data for dimensionality re-
duction. The result (𝐾𝑀𝑂 = 0.823, 𝑝 < 0.001) shows that strong correlations significantly 
exist among parameters based on the determining criteria (KMO is greater than 0.8, sig-
nificance (p-value) is less than 0.05), which supports the application of PCA [44]. 

Table 1 shows the results of PCA based on 17 parameters (except ‘Time’). Four im-
portant features are extracted (PC1 to PC4) with the eigenvalue greater than 1, cumula-
tively explaining 90.679% variance of the original data. 

Table 1. Extracted PCs and explained variance. 

Component Eigenvalue Explained Variance % Cumulative Variance % 
1 10.431 61.359 61.359 
2 2.652 15.597 76.957 
3 1.323 7.784 84.741 
4 1.009 5.938 90.679 
5 … … … 

To better reveal the underlying structures of monitored parameters, Varimax rotation 
with Kaiser Normalization is adopted. As an orthogonal rotation technique, it maximizes 
the variance in squared loadings within each PC, allowing each PC to be primarily con-
tributed to by a small number of parameters with high loadings. This facilitates the phys-
ical interpretation of PCs according to the meaning of dominant parameters. Table A2 
displays the factor loading of each parameter on rotated PCs. Parameters with factor load-
ings greater than 0.5 are regarded as dominant contributors to the corresponding PC. The 
result provides quantitative evidence for identifying the latent feature structure, which is 
summarized as follows: 

• The rotated component matrix reveals four dominant latent structures underlying 
the monitored parameters. 

• Component 1 is mainly related to temperature measurements, self-heating behavior, 
internal resistance, and voltage, indicating a coupled thermo-electrochemical evolu-
tion. 

• Component 2 is mainly associated with chamber heating power levels, pressure, and 
sample ROC, representing the external thermal stimulation and system response. 
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• Component 3 is mainly related to first- and second-order temporal derivatives, re-
flecting the dynamic evolution of the system. 

• Component 4 is dominated by the “Control System Exotherm”, which is highly re-
lated to the thermal triggering mechanism of the ARC. 

Although the PCA results reveal the statistical associations among parameters, sev-
eral adjustments are made to the feature construction to improve physical interpretability. 
These adjustments are based on the combined consideration of factor loading patterns, 
the physical meaning of parameters, and their characteristics: 

Firstly, the parameters ‘Control System Set Point’ and ‘Control System Exotherm’ are 
excluded from health information-contributive parameters because: 

• These two parameters are specific to particular experimental stages and are mainly 
used for system control rather than for directly characterizing the TR evolution of the 
sample or the behavior of the sample–chamber system. 

• ‘Control System Exotherm’ dominates component 4 (0.897); the remaining parame-
ters have factor loadings below 0.316. This result indicates weak correlations between 
‘Control System Exotherm’ and others. 

Secondly, ‘Chamber Heating Power Top’ is regarded as having a larger contribution 
to component 2 since: 

• It has a higher factor loading on component 2 (0.825) than on component 1 (0.516). 
• It is physically consistent with other parameters in component 2 (‘Chamber Heating 

Power Side’ and ‘Chamber Heating Power Bottom’). Together, these parameters rep-
resent heating power levels at different positions in the chamber. 

Thirdly, ‘Sample Self-heat (°C)’ is assigned to component 1 because its factor loading 
on component 1 (0.809) is much higher than that on component 2 (0.506). 

Fourthly, though ‘Sample Voltage’ and ‘Sample Internal Resistance’ statistically con-
tribute to component 1, they are retained as independent categories. These two parame-
ters reflect the battery’s internal electrochemical characteristics, whereas other parameters 
in component 1 mainly reflect external thermal behavior. The existing literature has 
shown that temperature-related parameters and electrochemical parameters exhibit dif-
ferent characteristics in TR detections. Specifically, temperature signals show increasing 
trends under TR evolutions once the self-heating of cells is triggered. The temperature can 
become extremely high during later stages due to the large amount of heat released. Thus, 
temperature-based detection mainly relies on significant changes in temperature signals. 
These changes typically emerge during the later stages of TR, making them insensitive to 
early-stage anomalies. On the contrary, the detection based on electrochemical parameters 
relies on the inconsistency analysis of the internal electrochemical states of cells. Their 
abnormal behavior can be detected with higher sensitivity and rapid responses during the 
early stages of cells [15,45]. Therefore, separating electrochemical parameters from tem-
perature-related parameters enables the feature structure to distinguish early-sensitive 
parameters from later-stage notable parameters, thereby providing sufficient information 
for both early warning and risk-oriented prognostic tasks. 

Finally, by combining the statistical associations among the monitored parameters 
with their characteristics under TR evolution, four feature categories are constructed, as 
summarized in Table 2. Specifically, Feature 1 characterizes the overall thermal behavior 
of the LIB–chamber system; Feature 2 reflects the external thermal stimulation and system 
response; Feature 3 represents changes in system dynamics by taking into account the 
temperature and pressure rate; and Feature 4 characterizes the electrochemical behavior 
of cells. 
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Table 2. The identified feature categories. 

Feature Category Interpretation Involved Parameter 

Feature 1 System thermal behavior 

Sample Temperature (°C) 
Chamber Temperature Top (°C) 
Chamber Temperature Side (°C) 

Chamber Temperature Bottom (°C) 
Sample Self-heat (°C) 

Feature 2 
External thermal stimulation 

and system response 

Chamber Pressure (bar) 
Chamber Heating Power Top (%) 
Chamber Heating Power Side (%) 

Chamber Heating Power Bottom (%) 
Sample ROC (°C/min) 

Feature 3 Changes in system dynamics 
𝑑𝑇 𝑑𝑡⁄  (°C/min) 𝑑𝑃 𝑑𝑡⁄  (bar/min) 𝑑ଶ𝑃 𝑑𝑡ଶ⁄  

Feature 4 
Electrochemical behavior of 

cells 
Sample Internal Resistance (Ω) 

Sample Voltage (V) 

4.1.2. Behavioral Analysis of the Identified Feature Structure 

Figure 3 displays the behavior of the four identified features along the TR evolution 
of all samples. Due to the fact that only one cell is tested under each temperature–SOH 
condition, the observed differences among cells cannot be directly interpreted as repre-
sentative characteristics of a specific operating condition. Instead, consistent behavior pat-
terns across different working conditions are more focused on under TR evolution. Spe-
cifically, the trend of Feature 1 (Figure 3a) shows a linearly increasing trend while pro-
nounced inflection points are observed based on the trends of Feature 2 (Figure 3b) and 
Feature 4 (Figure 3d), which give rise to a short-lived peak. The occurrence time of the 
observed inflection points at Features 2 and 4 is different, being closer to 𝑡்ோ according 
to Feature 2 and more advanced according to Feature 4. As for the trend of Feature 3 (Fig-
ure 3c), it does not show either a clear trend or abrupt change characteristics. The high 
level of its fluctuations indicates the continuous dynamic variability in the LIB–chamber 
system. 

 
 

(a) (b) 
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Figure 3. Behavior of identified features: (a) system thermal behavior; (b) external thermal stimula-
tion and system response; (c) changes in system dynamics; (d) electrochemical behavior of cells. In 
the legends, “NT–X%” and “HT–X%” denote operation at normal temperature (25 °C) and high 
temperature (45 °C), respectively, with X% representing the SOH level of the cell. 

The result reveals the consistency of the identified feature structures across cells un-
der different operating temperatures and SOH states. In addition, the observed behavior 
patterns of Features 1, 2, and 4 under TR evolution show potential for developing early 
warning and prognostic models. For example, the system thermal behavior represented 
by Feature 1 shows less sensitivity in the early stage of TR evolution. However, its linearly 
increasing trend leading to 𝑡்ோ supports the establishment of the process-based degrada-
tion model. Through modeling the failure threshold interval according to the score of Fea-
ture 1, the prognostic function can be achieved by simulating the reaching time of failure 
thresholds, resulting in the estimation of the time-to-TR. 

The observed behavior patterns suggest that both Feature 2 and Feature 4 support 
developing early warning models. Compared with Feature 2, Feature 4 shows a more di-
rect relationship with TR evolution by reflecting the dynamic evolution of the stability of 
the electrochemical characteristics of cells. The consistent sharp variation indicates good 
sensitivity at the early stage of the TR evolution. As for Feature 2, though mainly reflecting 
a complex stimulation–response behavior between the chamber and cells, it also shows 
potential for being used to develop early warning models. 

Overall, the identified feature structure (Feature 1, 2, 4) displays great potential in 
informing the health information of cells during TR evolution and supporting the degra-
dation modeling, early warning, and prognostic functions. 

4.2. Validation of the Early Warning and Risk-Oriented Prognostics 

In this section, the Leave-One-Sample-Out cross-validation strategy is adopted to 
validate the early warning and prognostic functions based on the identified feature struc-
ture. 

4.2.1. Validation Design 

The six cells are divided into six validation rounds. In each round, one cell is selected 
as the test sample, while the remaining five cells are used as the training set. For each 
validation round, the following procedures are conducted: 

Step 1: Training phase 
Building upon the identified feature structure, the training set is employed to train 

the factor loading of each parameter on corresponding features. Feature 1 is further em-
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ployed as the HI, whose scores are used to establish the degradation model according to 
Equation (2). Features 2 and 4 are employed to identify warning points. 

Step 2: Testing phase 
The trained factor loadings of parameters from the training set are directly applied 

to the test set, which supports the validation of both early warning and prognostic func-
tions. 

Early warning validation: The extracted Feature 2 and Feature 4 trajectories of the 
test set are analyzed to assess the consistency of feature behavior, detectability of warning 
points, and available warning time before TR. 

Prognostic function validation: Four prediction starting points are selected from the 
test set to represent different stages of TR evolution, including the beginning stage (BS: 50 
min), early stage (ES: 25% of the total life), middle stage (MS: 50% of the total life), and 
late stage (LS: 75% of the total life). At each starting point, the current Feature 1 score is 
adopted as the initial HI state. The Monte Carlo simulation technique is then applied to 
propagate the degradation process and estimate the corresponding time-to-TR. The prog-
nostic performance is evaluated by comparing the predicted and actual time-to-TR values 
using the mean absolute error (MAE), root mean square error (RMSE), and mean absolute 
percentage error (MAPE). 

After repeating these procedures for six validation rounds, the results are summa-
rized to evaluate the generalization capability, robustness, and predictive performance of 
the framework across cells with different operating conditions and SOH levels. 

4.2.2. Early Warning Validation 

The results validate that the identified feature structure in Table 2 can provide con-
sistent feature behavior patterns across different cells, which reveals the potential of 
adopting these features in early warning design. As an example, Figure 4 displays the 
behavior of Features 2 and 4 of the test set in the first-round validation (R1). The warning 
points are detected according to: 

• The prominent local peak of the Feature 2 trajectory as determined in Equation (4), 
where 𝐹ଶ(𝑡) denotes the Feature 2 value at time 𝑡. 𝑑𝐹ଶ(𝑡)𝑑𝑡 = 0 𝑑ଶ𝐹ଶ(𝑡)𝑑𝑡ଶ < 0 

(4) 

• The onset of a sustained accelerated increase as determined in Equation (5), where 𝐹ସ(𝑡) denotes the Feature 4 value at time 𝑡, and 𝜃ଵ and 𝜃ଶ correspond to the deter-
mined criteria. 𝑑𝐹ସ(𝑡)𝑑𝑡 > 𝜃ଵ 𝑑ଶ𝐹ସ(𝑡)𝑑𝑡ଶ > 𝜃ଵ 

(5) 

It should be emphasized that the criteria in Equations (4) and (5) are introduced pri-
marily for validating the detectability of WP and their consistent warning behavior across 
validation rounds. The proposed criteria are not claimed to be optimal WP criteria. 
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Figure 4. The behavior of Features 2 and 4 of the test set in the first-round validation (R1). The green 
and purple dashed lines denote the detected warning points of Feature 4 and Feature 2, respectively, 
while the red dashed line indicates the thermal runaway onset. 

Table 3 summarizes the results of the detected warning points from all six rounds. 
Specifically, the WP by Feature 2 occurs 59 to 157 min earlier than 𝑡்ோ on Feature 2, while 
it occurs much earlier on Feature 4, being 489 to 835 min in advance. However, the feature 
values of WPs show large variations among cells. This indicates that WP identification 
should focus on the relative evolution behavior of features rather than their absolute val-
ues. Therefore, trend-based indicators are more suitable for developing a generalized 
early warning strategy. 

Table 3. Detected warning points according to Features 2 and 4. 

Warning Point Round 𝒕𝑻𝑹 (min) Feature Value Lead Time (min) 

WP by Feature 2 

R1 983 4.534 157 
R2 984 4.771 104 
R3 1494 5.923 59 
R4 937 4.928 109 
R5 881 8.892 59 
R6 1121 4.870 149 

WP by Feature 4 

R1 983 1.488 765 
R2 984 0.619 736 
R3 1494 −0.657 489 
R4 937 −0.487 628 
R5 881 0.069 494 
R6 1121 0.182 835 

4.2.3. Prognostic Function Validation 

In each round, the stochastic process-based degradation model is established using 
the Feature 1 score of the training set. Feature 1 is regarded as the HI that reflects the 
continuous health state evolution associated with TR risks. Due to the nonlinear charac-
teristic of Feature 1, it shows an increasing trend at the later stage under TR evolution. 
This supports the adoption of the second-order polynomial regression to model the drift 
part. To avoid overfitting on a small sample size, a constant diffusion parameter is em-
ployed in the diffusion part. The average Coefficient of Determination (𝑅ଶ) value of the 
trained model in each round is 0.904, 0.909, 0.943, 0.912, 0.923, and 0.904, indicating an 
acceptable fitness across all samples. 



Electronics 2026, 15, 2909 15 of 23 
 

https://doi.org/10.3390/electronics15132909 

The estimation of time-to-TR in the test set is conducted on MATLAB R2026a with 
the desktop parameters provided as: Intel (R) Core (TM) i5-14600KF CPU @ 3.50 GHz; 
RAM: 32.0 GB; and NVIDIA GeForce RTX 5070 TI 16 GB. Table 4 summarizes the 95% 
confidence interval (CI) and evaluation results of the prognostic function in all validation 
rounds. 

Table 4. Evaluation of the prognostic function in all validation rounds. 

Round (Test Set) Strating Point 95% CI Reference Value Prediction Time (s) MAE RMSE MAPE 

R1: NT-100% 

BS [879, 888] 933 0.71 49.6 49.66 5.32% 
ES [710, 719] 738 0.62 22.91 23.21 3.10% 
MS [535, 542] 492 0.50 47.18 47.28 9.59% 
LS [378, 386] 246 0.39 136.44 136.52 55.46% 

R2: NT-95% 

BS [900, 910] 934 0.74 28.92 29.04 3.10% 
ES [741, 752] 738 0.63 7.83 8.38 1.06% 
MS [573, 582] 492 0.50 85.43 85.53 17.36% 
LS [442, 452] 247 0.39 200.54 200.57 81.19% 

R3: NT-85% 

BS [951, 958] 1454 0.76 500.08 500.08 34.39% 
ES [789, 796] 1121 0.65 54.99 55.16 7.45% 
MS [612, 619] 748 0.55 505.27 505.28 45.07% 
LS [380, 386] 374 0.50 9.52 9.59 2.55% 

R4: HT-100% 

BS [921, 934] 887 0.80 40.44 40.65 4.56% 
ES [794, 806] 703 0.71 97.57 97.72 13.88% 
MS [564, 574] 469 0.60 100.14 100.21 21.35% 
LS [413, 423] 235 0.47 183.46 183.5 78.07% 

R5: HT-95% 

BS [981, 990] 831 0.79 155.12 155.16 18.67% 
ES [880, 889] 661 0.72 223.95 223.98 33.88% 
MS [640, 647] 441 0.56 202.92 202.95 46.01% 
LS [441, 450] 221 0.47 224.95 224.98 101.79% 

R6: HT-85% 

BS [874, 884] 1071 0.78 191.15 191.18 17.85% 
ES [698, 707] 841 0.72 138.14 138.18 16.43% 
MS [540, 550] 561 0.56 15.18 15.4 2.71% 
LS [412, 421] 281 0.47 136.72 136.76 48.66% 

The prediction performances display large variations across different validation 
rounds and prediction stages. Specifically, the MAE ranges from 7.83 min to 505.27 min, 
the RMSE ranges from 8.38 min to 505.28 min, and the MAPE ranges from 1.06% to 
101.97%. These results show that the prediction accuracy is highly dependent on the se-
lected sample and the prediction starting point. 

For each round, the prediction results largely vary when considering different pre-
diction starting points. For samples NT-100%, NT-95%, HT-100%, and HT-95%, predic-
tions perform with better accuracy at the beginning and early TR evolution stages (MAPE 
from 1.06% to 18.67%), while samples NT-85% and HT-85% show better prediction accu-
racy at the middle and late stages (MAPE from 2.55% to 2.71%). Among them, HT-95% 
shows worse prediction accuracy and large variation at all stages, with the MAPE ranging 
from 18.67% to 101.79%. The results show that the trained prognostic model faces chal-
lenges in precisely capturing the TR evolution for all samples at different stages. 

The 95% CI simulated by Monte Carlo simulations is narrow in each round, with 
widths of around 7 to 13 min. In addition, the CI shows different degrees of deviation 
from the reference value. These results indicate that the stochastic uncertainty captured 
by the trained model is insufficient to account for the overall prediction uncertainty. The 
remaining prediction errors may also be influenced by the differences between the train-
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ing and validation cells, which are not sufficiently represented by the generalized model 
in each round. 

Though showing varying prediction performances, the results preliminarily demon-
strate that the proposed framework can support time-to-TR estimations under different 
operating conditions and degradation states. 

Overall, by adopting the Leave-One-Sample-Out cross-validation strategy, the vali-
dation results indicate the potential of utilizing the identified feature structure in early 
warning and risk-oriented prognostics toward TR risks. 

4.3. Proactive TR Risk Management Solutions 

To help illustrate how the proposed framework supports proactive TR risk manage-
ment, a schematic example (Figure 5) is provided to demonstrate the integration of health 
information extraction, early warning, and risk-oriented prognostics for decision support. 

 

Figure 5. Schematic illustration of the proactive TR risk management. 

Specifically, HI-related features (like system thermal behavior in the figure) charac-
terize the evolution of TR risks and provide quantitative prognostic information through 
time-to-TR estimation. WP-related features indicate transitions related to the occurrence 
of hazardous conditions. As illustrated in Figure 5, WP1 and WP2 represent different 
warning stages under TR evolution, indicating the increase in TR risks. This information 
supports risk-informed decision-making under different TR risk conditions. Overall, the 
integration of WP detection and time-to-TR estimation transforms monitoring data into 
decision support information, enabling proactive TR risk management. 

5. Discussion 
This study demonstrates the benefits of characterizing TR risks using multi-sensor 

monitoring data. The intrinsic thermal behavior of LIBs exhibits structural characteristics 
across multiple monitored parameters. The validation results demonstrate that these char-
acteristics support both WP design and time-to-TR estimation, showing their potential for 
TR early warning and risk-oriented prognostics. 

Firstly, the designed feature structure according to the intrinsic thermal behavior of 
LIBs helps characterize the evolution of TR risks. For example, Feature 1 can reflect the 
overall thermal state evolution of the cell. The temperature-related parameters included 
in this feature help describe heat accumulation caused by internal reactions, which is a 
fundamental mechanism driving the progression of TR. Feature 2 characterizes the cou-
pling between external thermal stimulation and system response. Feature 4 reflects elec-
trochemical behavior and may indicate the deterioration in internal electrochemical sta-
bility prior to obvious thermal responses. Feature 3 is not directly adopted in early warn-
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ing and risk-oriented prognostics. However, it contains information on changes in system 
dynamics that may be related to internal reaction rates and gas generation processes. 

Designed based on Features 2 and 4, the advantages of WPs are reflected by their 
detected lead time. They can be detected 1 and 8 h earlier compared with the actual 𝑡்ோ. 
The consistent patterns in each validation round further demonstrate their robustness, 
displaying their application potential. However, Feature 4 shows a more direct relation-
ship with TR progression, which makes it easier to be utilized in WP development and 
application in practical scenarios. Compared with it, Feature 2 mainly reflects the cham-
ber–LIB system behavior, including external thermal stimulations and system responses. 
Its behavior may be influenced by heat exchange, ARC control actions, gas generation, etc. 
Therefore, although Feature 2 contains useful information, further analysis of the cham-
ber–LIB system behavior is necessary before directly adopting it as the early warning in-
dicators in practice. 

The validation results further demonstrate the reasonability of separating electro-
chemical parameters from temperature-related parameters in the extracted component 1. 
Specifically, the electrochemical parameters can be more sensitive than others in TR early 
warning, while temperature signals tend to show noticeable changes at later stages of TR. 
This also implies that though data-driven approaches can extract meaningful information 
from multi-source monitoring data, the physical interpretation, generalization ability, and 
robustness of features still rely on the support of physical and mechanistic knowledge. As 
a result of this study, electrochemical parameters are suggested in early warning design, 
while temperature signals show more application potential in degradation modeling and 
time-to-TR estimations. 

The findings also provide implications for the development of battery safety man-
agement strategies. Firstly, the identified feature structure shows potential in extracting 
health information from multi-sensor monitoring during TR evolution. This implies that 
existing BMSs may not only support condition monitoring but also benefit degradation 
information extraction related to safety risks. Secondly, the observed feature behavior pat-
terns support the early warning mechanism design. This implies the advantage of incor-
porating feature-based health indicators to detect anomalies at the early stage of TR evo-
lution. This is more reliable than relying on fixed safety thresholds of a single parameter. 
Moreover, the validation of the risk-oriented prognostic function preliminarily demon-
strates that the TR onset time can be predicted based on health information extraction. 
Temperature signals show more advantages in these tasks. The results help to extend their 
practical applicability in BMSs. Unlike conventional warning approaches that focus more 
on noticeable changes at a later stage, temperature signals can be adopted to develop pro-
active safety management strategies, such as proactive risk monitoring and prognostic 
decision-making. Furthermore, the design of the framework follows the concept of ex-
tracting health information from multi-sensor monitoring data and supporting the early 
warning and risk-oriented prognostics. This concept is not limited to ARC measurements. 
Thus, the framework shows potential to be transferred to practical BMS environments. 
Monitoring signals available in real applications can be incorporated in the framework, 
but it relies on validation in practical scenarios. Figure 6 displays the schematic compari-
son between the framework and conventional BMS-based warning approaches. It helps 
illustrate how health information extraction, feature-based warning mechanisms, and 
time-to-TR estimation complement conventional condition monitoring by providing ad-
ditional risk-oriented safety information for decision support. 
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Figure 6. Schematic comparison between the proposed framework and conventional BMS-based 
warning approaches. 

Overall, this study presents a preliminary proof-of-concept framework. It also 
demonstrates the feasibility of transforming multi-sensor monitoring data into health-re-
lated features that support both TR early warning and risk-oriented prognostics. The pro-
posed framework provides a preliminary foundation for developing data-driven and pro-
active TR risk management strategies. The results indicate the application potential of 
data-driven solutions for future BMS applications. 

The limitations of this study are from three perspectives: the scope of the experi-
mental validation, methodological limitations, and limitations related to the practical ap-
plicability of the proposed framework. Firstly, the complexity and high cost of the ARC 
experiments limit the availability of the dataset. There are only six cells being adopted for 
model development and validation. Though the Leave-One-Sample-Out cross-validation 
strategy is employed to improve the robustness of the result assessment, the limited sam-
ples still constrain the statistical representativeness of the extracted health-related features 
and the developed degradation model. As a consequence, several methodological simpli-
fications are adopted in this study. For example, the feature structure is primarily ex-
plored from a normal temperature dataset, and the degradation model is developed using 
a limited training set in each validation round. In addition, though different SOH and 
operating temperature levels are considered as different initial conditions of cells in ex-
periments, this study mainly focuses on the identification of consistent feature behavior 
patterns. The variability due to condition differences is not fully considered. Thus, the 
validation results are limited to providing solid evidence of the framework’s generaliza-
tion capability. Secondly, the determination of the feature structure is not directly con-
structed on the PCA results. The consideration of the parameters’ physical meaning and 
characteristics relies on expert knowledge. The robustness of the feature structure requires 
further assessment and comparison with alternative schemes. In addition, this study em-
ploys stochastic process-based degradation models and Monte Carlo simulations to char-
acterize uncertainty propagation in TR evolution. However, they show limitations in in-
corporating additional uncertainty sources, such as cell-to-cell variability, parameter esti-
mation uncertainty, and model-form uncertainty. This hinders the reliability of the frame-
work. Furthermore, the results are limited to providing a quantitative comparison against 
other methods, such as threshold-based warning strategies, conventional machine learn-
ing methods, or other TR-related prognostic approaches. The performance of the frame-
work needs to be further evaluated with other methods. As for limitations related to prac-
tical applicability, the framework is validated only through single-cell TR experiments. 
The heat propagation effects and interactions within battery packs are not considered. 
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This may affect the framework’s applicability at battery pack levels. Furthermore, all ex-
periments are conducted under adiabatic ARC conditions, which cannot represent real-
world battery systems. TR evolution can be affected by more factors in practice. Thus, 
though ARC experiments provide an effective validation platform, further validation un-
der practical battery operating conditions is still required. 

As for future perspectives, it is meaningful to establish a larger and more diverse TR 
dataset. This helps extract more generalized degradation patterns and investigate how 
different conditions impact the behavior of LIBs in their TR evolution. Based on them, 
adaptive approaches can be adopted to better consider the variability due to cells’ charac-
teristics and operating conditions in early warning and prognostic functions. This can im-
prove the generalization capability of the framework for unseen batteries. From a meth-
odological perspective, future work is expected to improve the methodological robustness. 
For example, by employing more objective feature construction strategies, the robustness 
of different feature structure schemes can be evaluated by quantitative sensitivity analyses. 
It is also meaningful to incorporate additional uncertainty sources, such as cell-to-cell var-
iability, parameter estimation uncertainty, and model-form uncertainty. To further eval-
uate the robustness and practical applicability of the framework, comprehensive quanti-
tative comparisons with existing early warning and TR-related prognostic approaches 
should be conducted. Moreover, this study focuses more on individual cells than on the 
battery pack. The interactions among cells in a battery pack, especially the TR propagation, 
have received relatively limited attention. They have been shown to cause more severe 
safety consequences in some studies, which can be another future perspective. Finally, the 
study is conducted based on the intrinsic thermal behavior of LIBs. The applicability of 
the framework in practical scenarios needs to be further validated. Impacts from external 
factors, the complexity of sensor deployment in practical scenarios, and the integration of 
data-driven strategies into current LIB health management solutions require further in-
vestigation. In summary, future work will focus on improving the experimental valida-
tion and methodological robustness through larger-scale experiments, optimizing uncer-
tainty modeling, establishing benchmarks for performance evaluation, and conducting 
validation in practical battery management scenarios. 

6. Conclusions 
This study investigates data-driven multi-sensor early warning and risk-oriented 

prognostics for thermal runaway (TR) risk management of lithium-ion batteries (LIBs) 
based on their intrinsic thermal behavior. The results preliminarily demonstrate the ad-
vantages of employing multi-sensor monitoring data to characterize TR evolution. By an-
alyzing the synergistic effects among multiple parameters, representative health infor-
mation can be extracted to support the development of early warning and risk-oriented 
prognostics. This enhances TR risk management solutions by transforming monitoring 
data into decision support information. Overall, this study presents a preliminary proof-
of-concept framework for LIB TR risk management, whose robustness, generalizability, 
and practical applicability in battery management systems require further validation. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

ARC Accelerating Rate Calorimeter 
BMS Battery Management System 
BTMS Battery Thermal Management System 
LIBs Lithium-ion Batteries 
NCM Nickel–Cobalt–Manganese 
SOC State of Charge 
SOH State of Health 
ROC Rate of Change 
TR Thermal Runaway 

Appendix A 

Table A1. The monitored parameters in the experiment. 

Parameter Interpretation Parameter Type 
Time (min) Time recorded in experiment, calibrated for all parameters. - 

Sample Temperature (°C) 
Sample temperature, the expectation value of measurements 
from two deployed thermocouples. Sensor-measured 

Chamber Temperature Top (°C) Chamber temperature, measured at the top of the chamber. Sensor-measured 

Chamber Temperature Side (°C) Chamber temperature, measured at the sidewall of the cham-
ber. 

Sensor-measured 

Chamber Temperature Bottom (°C) Chamber temperature, measured at the bottom of the cham-
ber. 

Sensor-measured 

Chamber Pressure (bar) Pressure in the chamber. Sensor-measured 

Control System Set Point (°C) 
The target chamber temperature set by the control system, 
which is dynamically adjusted to track the sample temperature 
for maintaining adiabatic conditions. 

System-generated 

Control System Exotherm (°C/min) The temperature rise rate calculated by the control system, 
which is used to determine the onset of self-heating. 

System-generated 

Sample ROC (°C/min) 

The rate of change in sample temperature calculated every 5 
min, by calculating the temperature difference between two 
continuous measurements and dividing it by the correspond-
ing time interval. 

System-generated 

Sample Self-heat (°C) Temperature rise caused by the spontaneous heating of the 
sample. System-generated 

Chamber Heating Power Top (%) Relative heating power at the top of the chamber, expressed as 
a percentage of its maximum rated power (4000 W). System-generated 

Chamber Heating Power Side (%) Relative heating power at the sidewall of the chamber, ex-
pressed as a percentage of its maximum rated power (4000 W). 

System-generated 
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Chamber Heating Power Bottom (%) Relative heating power at the bottom of the chamber, ex-
pressed as a percentage of its maximum rated power (4000 W). 

System-generated 𝑑𝑃 𝑑𝑡⁄  (bar/min) Pressure rate. Derived 𝑑ଶ𝑃 𝑑𝑡ଶ⁄  Pressure acceleration. Derived 𝑑𝑇 𝑑𝑡⁄  (°C/min) Sample temperature rate. Derived 
Sample Voltage (V) Voltage of the sample. Sensor-measured 

Sample Internal Resistance (Ω) Internal resistance of the sample. Sensor-measured 

Table A2. Rotated PCs and component factor loading. 

Parameter 
Rotated Principal Component 

PC1 PC2 PC3 PC4 
Sample Temperature (°C) 0.834 0.450 0.265 0.119 
Chamber Pressure (bar) 0.148 0.640 0.422 0.316 

Chamber Temperature Top (°C) 0.891 0.417 0.112 0.053 
Chamber Temperature Side (°C) 0.888 0.422 0.117 0.053 

Chamber Temperature Bottom (°C) 0.895 0.409 0.110 0.052 
Control System Set Point (°C) 0.845 0.452 0.232 0.107 

Chamber Heating Power Top (%) 0.516 0.825 −0.012 −0.125 
Chamber Heating Power Side (%) 0.396 0.879 0.050 −0.118 

Chamber Heating Power Bottom (%) 0.485 0.845 0.006 −0.118 
Sample ROC (°C/min) 0.337 0.793 0.287 0.156 

Control System Exotherm (°C/min) 0.033 −0.037 0.063 0.897 
Sample Self-heat (°C) 0.809 0.506 −0.050 −0.114 𝑑𝑇 𝑑𝑡⁄  (°C/min) 0.149 0.157 0.864 0.300 𝑑𝑃 𝑑𝑡⁄  (bar/min) 0.096 0.068 0.980 0.047 𝑑ଶ𝑃 𝑑𝑡ଶ⁄  0.054 0.060 0.872 −0.153 
Sample Voltage (V) −0.745 −0.531 −0.161 −0.122 

Sample Internal Resistance (Ω) 0.896 −0.024 0.008 −0.057 
Rotation Method: Varimax with Kaiser Normalization. 
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