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Reliability-based Design Optimization for
Lithium-1on Batteries Considering the Venting
Critical Time

Tongguang Yang, Andong Ni, Zhiliang Huang, Hangyang Li, Huaixing Wang, Wanyi Tian, and
Shouhua Yi

Abstract—Under thermal abuse conditions, lithium-ion
batteries are subject to multiple sources of uncertainty,
which can potentially trigger thermal runaway. To enable
reliable structural design under thermal safety con-
straints, this study proposes a reliability-based design
optimization (RBDO) method for lithium-ion batteries
based on critical venting prediction. First, an analytical
model is developed that couples electrochemical reactions,
heat conduction, gas dynamics, and nonlinear elasticity,
enabling a comprehensive characterization of the ther-
mo-gas-mechanical evolution, with the critical venting
time adopted as the performance metric. Second, global
sensitivity analysis using a variance-based decomposition
method identifies high-sensitivity parameters for dimen-
sionality reduction. Finally, an RBDO model with venting
response probability as the constraint is formulated, and
an efficient solution strategy is established by integrating
the performance measure approach with a decoupled
optimization frame-work to ensure computational effi-
ciency and numerical stability. Experimental results show
that the proposed model achieves prediction errors lower
than 3% for temperature and critical response. Com-
pared to existing methods, it achieves a superior balance
between accuracy and efficiency, with RBDO solution time
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under two hours. The proposed approach demonstrates
strong engineering applicability and extensibility, offering
an effective tool for safety-oriented structural optimiza-
tion of lithium-ion batteries.

Index Terms—Venting critical time, thermal abuse
conditions, global sensitivity analysis, reliability-based
design optimization (RBDQO), lithium-ion batteries.

NOMENCLATURE

A. Abbreviations

RBDO reliability-based design optimization

RMSE root mean square error

SEI solid electrolyte interphase

B. Variables

0 heat generation rate

t current time

m, active material mass

hy enthalpy change of SEI decomposition

i enthalpy change of regeneration
K reaction

v reaction rate of SEI decomposition

Vi reaction rate of regeneration reaction

I reaction frequency of SEI decompo-
P sition

f reaction frequency of regeneration
R reaction

E, activation energy

R, universal gas constant

X fraction of lithium ions contained in
° the SEI

0 initial fraction of lithium ions con-
p tained in the SEI

X fraction of lithium ions embedded in
K the SEI

0 initial fraction of lithium ions em-
R bedded in the SEI

y dimensionless SEI thickness
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initial dimensionless SEI thickness
gas production amount
initial gas production amount

ambient temperature

heat transfer area

gas production coefficient corre-
sponding to the reaction of SEI de-
composition

gas production coefficient corre-
sponding to the reaction of regenera-
tion reaction

gap thermal resistance
thermal conductivity of the gas
gap distance

assembly gap

convective thermal resistance be-
tween the battery surface and the
environment

heat transfer coefficient
thermal capacity of the battery
specific heat capacity

mass of the cell

gas pressure

gas constant

gas temperature

atmospheric pressure

elastic modulus in the mechanical
constitutive equation

strain exponent in the mechanical
constitutive equation

dimensionless cell height

cell height

pressure relief threshold

pressure relief critical time under
thermal abuse conditions

parameter vector containing 23 ele-
ments

jth element of X

lower boundary of the jth element of
X

upper boundary of the jth element of
X

sample matrices

sample matrices

sample matrices

number of samples

vector composed of the ith row ele-
ments of 4

response sample vectors

response sample vectors

fc(j ) response sample vectors
Ve variance of the response samples
S} global sensitivity index
Y simplified by the parameter vector X
d design vector
d- upper boundary of the design vector
dr lower boundary of the design vector
" target value for the venting critical
thr time
p probability of passing the thermal
' abuse test
P target value of the probability of
’ passing the thermal abuse test
Hy mean vector of ¥
vector of Y in the standard normal
space
ik target reliability index

inverse function of the standard

—-1
@ normal cumulative distribution
v obtained maximum possible point is
mapped back to the original space
S current shifting vector
7™ cutoff temperature
78 nominal value of the assembly gap

I. INTRODUCTION

ue to their high energy density, long cycle life, and

lack of memory, lithium-ion batteries have been

the widely deployed in energy storage systems,
electric vehicles, and portable electronic devices [1]. In
recent years, emerging energy conversion technologies
such as liquid-liquid interface-based triboelectric nan-
ogenerators have also attracted attentions for microen-
ergy harvesting in low-power applications [2]. However,
for medium-power to high-power scenarios, lithium-ion
batteries remain the most mature and technically ad-
vantageous solution. As deployment scales continue to
grow, safety concerns during battery operation have
become increasingly prominent, particularly the risk of
thermal runaway under extreme operating conditions,
which has emerged as a critical issue in current research.
As the industry continues to enhance battery energy
density, the safety of batteries during operation faces
increasing challenges [3], particularly under thermal
abuse conditions [4]. Under such conditions, the solid
electrolyte interphase (SEI) on the anode decomposes,
releasing heat and gas, thereby causing a rapid rise in
the internal temperature and pressure of the battery. The
increase in temperature further accelerates electro-
chemical reactions, creating a vicious cycle that can
ultimately lead to thermal runaway of the battery cell [5].
In practical applications, multiple cells are assembled
into high-energy-density battery packs through series
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and parallel configurations. When one cell experiences
thermal runaway, the heat released can quickly spread
to adjacent cells, causing the runaway to propagate [6].
This can lead to catastrophic consequences, such as
electric vehicle fires or energy storage station explo-
sions [7], [8]. To reduce the risk of thermal runaway,
lithium-ion batteries are equipped with an overpressure
relief mechanism, which releases internal gases and
electrolytes when the internal pressure exceeds a safety
threshold, to prevent thermal runaway. However, acti-
vating this venting mechanism indicates a significant
decline in battery performance and introduces potential
safety risks, typically marking the end of the battery’s
lifespan [9]. Therefore, accurately predicting and ef-
fectively controlling the critical venting moment of
lithium-ion batteries under thermal abuse conditions has
become a key research focus.

Recently, researchers have developed a series of
theories and methods to assess and manage the thermal
behavior of lithium-ion batteries [10]. These studies are
broadly categorized into two directions: state evolution
assessment and design optimization. State evolution
assessment involves the development of multi-physics
simulation models that couples electrochemical reac-
tions, heat transfer, and mechanics, to simulate the
changes in temperature, pressure, and deformation of
lithium-ion batteries during operation [11]. For example,
Lee and Kim developed a bidirectional nonlinear me-
chanical-electrochemical-thermal coupling model to
simulate the internal short circuit, voltage drop, and
temperature rise of lithium-ion batteries under qua-
si-static indentation conditions. The predicted errors in
short-circuit timing and peak temperature are lower than
4% [12]. In [13], a battery pack thermal runaway model
is proposed that couples fluid dynamics and thermal
resistance networks. This model simulates the temper-
ature and gas concentration evolution in the porous
structure during thermal runaway and reveals the in-
fluence of structural parameters on the propagation of
thermal runaway. Reference [14] develops a coupled
simulation model for cylindrical lithium-ion batteries,
covering SEI decomposition, gas generation and com-
bustion, solid particle ejection, and heat transfer. This
model provides an effective tool for accurately pre-
dicting thermal runaway propagation. These studies,
utilizing commercial finite element simulation software,
enable high-fidelity state evolution analysis. However,
their computational time typically takes hours, making
them unsuitable for real-time applications.

To improve computational efficiency, researchers
have attempted to construct coupled multi-physics an-
alytical models [15]. These models generally use sys-
tems of ordinary differential equations to couple reac-
tion kinetics, lumped heat transfer, and mechanical
constitutive equations. They significantly reduce com-
putational complexity while maintaining reasonable
accuracy. For instance, a pseudo-three-dimensional
multi-node electrothermal model is proposed for re-

al-time prediction of the nonuniform temperature field
evolution in large-sized prismatic batteries, with a
temperature prediction error of less than 2.0 K [16]. A
thermal runaway analytical model based on reaction
kinetics and energy and mass conservation equations is
developed, which clearly defines the quantitative rela-
tionship between the pressure threshold and thermal
runaway timing [17]. In [18], a coupled electrochemi-
cal/thermal/mechanical analytical model is developed
to assess the temperature and stress of prismatic bat-
teries under high-temperature and rapid
charge-discharge conditions, with temperature and
stress errors of lower than 1% and 5%, respectively.
These analytical models complete computations within
seconds, offering both efficiency and acceptable accu-
racy, providing key technological support for online
state monitoring and random response analysis of lith-
ium-ion batteries. However, in practical applications,
ensuring the robustness and convergence of these ana-
lytical models still presents challenges. In addition,
several researchers have explored the use of electro-
chemical impedance spectroscopy data in combination
with artificial intelligence techniques, such as transfer
learning, to enhance state estimation capabilities. For
instance, reference [19] proposes a hybrid health state
estimation method that integrates an improved honey
badger algorithm with a neural network architecture to
predict the remaining useful life of supercapacitors,
demonstrating the potential of intelligent algorithms in
the lifetime modelling of electrochemical energy stor-
age systems. Similarly, reference [20] develops a
transfer learning-based approach for state-of-health
estimation, which significantly improves the adaptabil-
ity and generalization of EIS analysis across different
types of lithium-ion batteries.

Design optimization uses state assessment models as
performance functions. By constructing optimization
models that include objectives and constraints, it ex-
plores optimized design solutions for lithium-ion bat-
teries [21]. An electrochemical/thermal coupling model
is utilized in [22] and it is revealed the influence of
battery structural parameters and electrochemical
properties on state responses through local sensitivity
analysis, optimizing the battery design. In [23], an
electrothermal model is developed for cylindrical lith-
ium-ion batteries. By analyzing the impact of battery
structure and cooling methods on temperature distribu-
tion, an optimization strategy is proposed to increase the
number of tab connections and optimize side cooling.
Reference [24] improves the temperature prediction
accuracy of cylindrical batteries by optimizing the heat
generation model and introducing correction factors,
while an optimized cooling flow rate strategy for battery
packs is also designed. However, most existing studies
are based on deterministic design optimization, whereas
the state evolution of lithium-ion batteries is signifi-
cantly influenced by uncertainties, such as structural
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dimensions, material properties, and operating param-
eters. Under the influence of these uncertainties, the
battery state evolves randomly. Ignoring these effects
may lead to design solutions with potential thermal
runaway risks. Pioneering researches have emerged to
address the impact of uncertainty on lithium-ion battery
design. A thermal abuse safety risk assessment method
is proposed for battery packs, which quantifies the ef-
fect of uncertainties on the probability of thermal run-
away by embedding random models for battery param-
eters and loads [25]. In [26], an uncertainty-based de-
sign method is developed that considers manufacturing
errors. This method optimizes the manufacturing cost of
prismatic batteries while controlling fluctuations in their
thermal performance. These studies not only maximize
battery performance but also account for the impact of
uncertainty, offering new solutions for the reliability
design of battery structures.

In recent decades, reliability-based design optimiza-
tion (RBDO) has developed into a widely applied the-
oretical framework [27], [28]. However, there are few
reports on RBDO for lithium-ion batteries, mainly due
to several unresolved technical challenges. First, there is
a lack of uncertainty quantification frameworks with
engineering applicability. State assessment of lithi-
um-ion batteries typically involves dozens of input
parameters. If large-scale sample data collection is
performed for each parameter to construct a stochastic
model, it inevitably leads to high economic and time
costs. Second, RBDO faces challenges in efficiency and
convergence. Such optimization typically requires
nested optimization, where the outer loop optimizes
design variables and the inner loop handles uncertainty
analysis, relying on performance evaluation as the core.
For lithium-ion batteries, performance evaluation in-
volves coupled multi-physics analyses, including elec-
trochemical, heat transfer, and mechanical processes.
The high computational demands of multi-physics
analysis, combined with the complexity of nested op-
timization, present significant challenges for the RBDO
of lithium-ion batteries.

This study presents an RBDO approach for lithi-
um-ion batteries considering the venting threshold, to
obtain a reliable design solution that meets thermal
abuse test conditions. A coupled multi-physics analyt-
ical model is developed to predict the venting threshold
of lithium-ion batteries, which serves as the perfor-
mance function for design optimization. Global sensi-
tivity analysis is used to identify the key modelling
parameters that influence the venting threshold, thereby
reducing the complexity of the optimization process.
The RBDO model is constructed with the probability of
venting events occurring under thermal abuse condi-
tions as a constraint, along with an efficient decoupling
algorithm. The performance of the proposed approach is
validated through engineering applications involving
two prismatic lithium-ion batteries.

The remainder of this paper is organized as follows.
Section II discusses the pressure evolution mechanism
of lithium-ion batteries under thermal abuse conditions.
Section III presents the RBDO framework and Section
IV introduces the decoupling algorithm. Sections V and
VI provide engineering validation and conclusions,
respectively.

II. PRESSURE EVOLUTION MECHANISM UNDER
THERMAL ABUSE

A lithium-ion battery consists of a cell, casing, and
tabs, as shown in Fig. 1(a). The cell features a layered
structure composed of an anode, cathode, collectors,
and separators. It is formed into a cylindrical or pris-
matic shape through winding or stacking and is then
packaged in the shell. The electrolyte is injected into the
cell to facilitate ionic conduction between the electrodes.
During operation, it is inevitable for the battery to be
exposed to high-temperature environments (e.g., ex-
ceeding 323 K), which can trigger the decomposition of
the SEI on the anode surface. As shown in Fig. 1(b), the
lithium carbonate in the SEI decomposes to form carbon
dioxide. The lithium alkoxy compounds decompose
into propane and hydrogen, and vinylene carbonate
decomposes into propylene and carbon dioxide [29].
SEI regeneration occurs as a side reaction during de-
composition, releasing propylene, propane, and hydro-
gen. Meanwhile, the decomposition and regeneration of
SEI release heat, which intensifies electrochemical
reactions and creates a feedback loop of heat and gas
generation. This process leads to a rapid increase in
internal pressure. When the pressure exceeds a certain
threshold, high-temperature flammable gases may be
ejected, posing significant safety risks.

Cathode /Shell

Anode
N

o Collector
Anode
Separator
Cathode
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Fig. 1. The structure of lithium-ion batteries and the mechanisms
of heat and gas generation under thermal abuse conditions. (a)
Lithium-ion battery structure. (b) Heat/gas production. (¢) SEI
decomposition on the anode.

Due to the potential risk of thermal runaway in lith-
ium-ion batteries, international organizations and gov-
ernment agencies have established several safety as-
sessment standards, such as UN38.3, IEC62133, and
GB/T21242 [30]. These standards require battery
manufacturers to conduct mandatory testing, including
thermal abuse tests [31]. This study aims to address
industrial needs by conducting theoretical and experi-
mental research based on standard test conditions. The
tests involve suspending fully charged battery cells in a
circulating air convection environment, heating them
from 198 K to 403 K at a rate of 5 K/min, and main-
taining the temperature for 30 minutes. If no venting
occurs during the test, the sample is considered to have
passed. To investigate the thermal behaviour of the
batteries, we performed extended tests on five prismatic
hard-pack battery samples, increasing the insulation
time to one hour, as shown in Fig. 2(a). The test samples
are in the development stage, with graphite as the anode
material, lithium cobalt oxide as the cathode material,
and the electrolyte mainly composed of lithium hex-
afluorophosphate and propylene carbonate. The shell
material is 1.0 mm thick aluminum alloy, with a pres-
sure threshold of 0.8 MPa. The venting time is moni-
tored using a K-type thermocouple. To monitor tem-
perature evolution, the K-type thermocouple is placed at
the centre of the battery surface. The thermal abuse
experiment was conducted with no external current,
uniform heating rate, and forced convective airflow.
The primary heat source originated from the decompo-
sition of the SEI and its subsequent exothermic side
reactions, which were uniformly distributed, resulting in
minimal internal temperature gradients within the cell.
The temperature at the geometric centre of the cell
surface was selected to represent the overall thermal
response, as single-point measurement avoids the po-
tential interference that may arise from multipoint
sensor placement.

Insulation at 403 K R
208 ; n n »

I3r eat to 403 K

10 15 20 25 30 35 40 45 50 55
1 (min)
(b)
Fig. 2. The thermal abuse testing procedure and temperature

evolution results of the lithium-ion battery. (a) Testing platform.
(b) Experimental results.

0 5

Figure 2(b) shows the temperature evolution curves
for five samples (A1-AS5). These curves generally fol-
low similar trends, though there are some differences in
the details. At the end of the heating phase (1260 s), the
maximum temperature difference is 7.7 K, which is
2.0% of the average value (384 K). The venting
threshold times for samples A1-AS are 2569 s, 2679 s,
3130 s, 3397 s, and 3061 s, respectively, with a maxi-
mum time difference of 828 s, representing 27.9% of the
average value (2967 s). The experimental results indi-
cate significant uncertainty in both the temperature and
pressure responses of the same model battery under
standard thermal abuse conditions. Notably, the venting
times for samples Al and A2 are 2569 s and 2679 s,
both shorter than the specified 3060 s, meaning they did
not pass the thermal abuse test. This suggests that this
batch of batteries may present an unacceptable risk of
thermal runaway, potentially leading to substantial
economic and reputational losses. These results high-
light the engineering significance of this study. Uncer-
tainty factors cannot be ignored in the design of lithi-
um-ion batteries. Advanced design optimization meth-
ods must be developed to achieve reliable battery de-
signs, as uncertainty factors cannot be eliminated.

III. RELIABILITY-BASED DESIGN OPTIMIZATION

Uncertainties in structure, materials, and operating
conditions lead to the uncertainty of the venting critical
point under thermal abuse conditions for lithium-ion
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batteries. To ensure that lithium-ion batteries in mass
production pass safety tests, it is crucial to theoretically
guarantee that venting events under thermal abuse
conditions are rare events (less than 0.1%). This study
first constructs a coupled multifield analytical model to
predict the venting critical time of lithium-ion batteries,
which serves as the performance function for design
optimization. Second, global sensitivity analysis is
conducted to clarify the impact of parameter uncertain-
ties on the critical time, incorporating high-sensitivity
parameters into the RBDO model. Lastly, based on the
probability of venting events occurring under thermal
abuse conditions, design variables and objectives are
selected to construct the lithium-ion battery RBDO
model.

A. Critical Time Prediction Model
Under thermal abuse conditions, the prediction of the

Gas amount

venting critical time for lithium-ion batteries involves
dynamic submodels of electrochemical reactions, heat
transfer processes, gas states, and mechanical behaviors.
By coupling these submodels through state variables, a
system of ordinary differential equations is formed.
Solving this system provides the venting critical time
for the lithium-ion battery, serving as the performance
function for design optimization. The electrochemical
submodel describes the heat and gas generation during
SEI decomposition and regeneration. The heat transfer
submodel characterizes the heat conduction and con-
vection between the cell and environment. The gas state
equation establishes the relationship between the in-
ternal gas temperature, pressure, and volume. The me-
chanical submodel describes the nonlinear elastic de-
formation of the cell under pressure. The coupling
mechanisms of these submodels are illustrated in Fig. 3.

0y

Tem, pel'atu e
»
<

Electrochemical Heat source Heat transfer
submodel " Temperature submodel
- )

»
Thermal re-
sistance

)
Cone il Gas pressure | Mechanical
analysis "~ Gas volume analysis
——

Fig. 3. The prediction of the critical venting time involves the coupling mechanisms of electrochemical, thermal, and mechanical

fields.

1) Reaction Submodel

Under standard thermal abuse conditions, the heat
generation in lithium-ion batteries primarily originates
from the SEI decomposition and regeneration reactions
on the anode [32]. The heat generation equation, pro-
posed in [31], is widely used in battery state modelling
and is expressed as:

Oty =m, (hyvp () + v (1) M
where Q represents the heat generation rate; ¢ denotes
the current time; and m, is the active material mass;
subscripts D and R indicate SEI decomposition and
regeneration reactions, respectively; while 4 and v rep-
resent the corresponding enthalpy change and reaction
rate. The reaction rate equation is based on the classical
Arrhenius formula [33] and expressed as:

_ Oy coxn| __Ea
Vp = ar JoXp(?) exp( RUT(I)J

V(t)=— d;; - @

JrXg (£) x exp(—%j X exp[—%]

where f and E, represent the reaction frequency and

activation energy, respectively; Ry, is the universal gas
constant, i.e., 8.314 J/(mol-K); x, represents the frac-

tion of lithium ions contained in the SEI; and x, rep-
resents the fraction of lithium ions embedded in the SEI;
y denotes the dimensionless SEI thickness; and y° is its

initial value. The increase in y corresponds to the de-

crease in X, , written as:
d dx
Yo 3)
dt dr
During SEI decomposition and regeneration reactions,
gas production accompanies heat generation. The gas
production rate is synchronized with the reaction rate
and expressed as:
dmg
dr

where m, represents the gas production amount; and

:7DVD(t)+7RVR(t) 4)

y 1s the gas production coefficient corresponding to the

reaction.
2) Heat Transfer Submodel
The heat transfer equation describes the conduction
and convective heat transfer from the heat source within
the cell to the surrounding environment. Given that the
structure and operating conditions of lithium-ion bat-
teries are symmetric in the thickness direction, the heat
transfer equation is derived based on Kirchhoff’s law
[34], as:
Low-TO-L0 . 4T
2 R, +R,+R, dt
where 7, represents the ambient temperature. For
standard thermal abuse conditions, it is expressed as a
piecewise function, as:

298+1/12, 0s </<1260s
T, () =

®)

max (6)
T™ =403, £>1260s
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For normalization, temperature in this study is ex-
pressed in absolute temperature units (K). RG repre-
sents the gap thermal resistance, which is related to the
thermal conductivity of the gas (K;) , the heat transfer

area (4), and the gap distance (0), as:
R; =0()/(KsA) (M

The heat transfer area for prismatic cells is the rec-
tangular area perpendicular to the thickness direction.
For cylindrical cells, the area is the product of the cir-
cumference and height. R, denotes the convective

thermal resistance between the battery surface and the
environment, which is inversely proportional to the
product of the heat transfer area and the heat transfer
coefficient (4, ), as:

R, =1/(h,4) ®)
where C represents the thermal capacity of the battery,
expressed as:

C=cm, 9)
where c and my, are the specific heat capacity and mass

of the cell, respectively.
3) Gas State Submodel

The gas state equation describes the relationship
between the temperature, pressure, and volume of the
reaction gases. The lithium-ion battery is equipped with
a pressure relief valve, with gas pressure maintained
below 2.0 MPa and the gas temperature above 273 K.
Under the assumption of ideal gas behaviour, the gas
state equation is derived as:

8(1) AP(t)=R.mg (DT (1) (10)
where P represents the gas pressure; and R. denotes the

gas constant.
4) Mechanics Submodel

As shown in Fig. 4, the gas pressure causes com-
pressive deformation of the battery cell. The cell is a
porous composite material with nonlinear elastic me-
chanical characteristics [35]. The relationship between
pressure and deformation is derived as:

o [50-0" !
P(t)-P, =E (—HO )

where P, represents the atmospheric pressure; and &°

represents the assembly gap; £ and A are the elastic
modulus and strain exponent in the mechanical consti-
tutive equation, reflecting the nonlinear elastic defor-
mation response of the cell under pressure.

(11)

gap

Cell (porous material) Gas-filled

73

s 5] >
< >

Fig. 4. The deformation of lithium-ion battery cells under gas pressure.

The integration of (1) to (11) forms a coupled multi-
field analytical model, which is a system of ordinary
differential equations. This system includes coupled
variables such as heat generation rate (Q), gas produc-
tion (mg), temperature (I') , pressure (P), and gap

distance. The input parameters consist of static param-
eters and initial values of dynamic variables. The static

variables include the mass of active material (m,),
reaction enthalpy change (h,,%;) , reaction rate
(f5» fz) , activation energy (E,), gas production co-
efficients (y,, ;) , heat transfer area (4), thermal
conductivity (K, ), heat transfer coefficient (4, ), spe-
cific heat capacity (c), battery cell mass (my), gas
constant (R.) , and mechanical parameters (E, A). The
initial values of dynamic variables include lithium-ion
fraction (x)) , embedded lithium-ion fraction (xp),
SEI thickness (°), gas production amount (), gap
distance (8°), and cell height (/") . The correspond-

ence between the coupled variables and the submodels
is shown in Table 1.

TABLE 1
COUPLING RELATIONSHIPS BETWEEN BARIABLES AND SUBMODELS
IN THE CRITICAL VENTING PREDICTION MODEL

Coupled Reaction Thermal Gas state Mechanics
variables submodel submodel submodel submodel
0 J J
mg v, J
T N N N
P N N
) N N

The venting critical time prediction model involves a
dynamic and strongly nonlinear process. A discrete
algorithm with equal time intervals decomposes the
dynamic problem into a sequence of static problems
over equal time steps. The state values calculated in the
previous time step are used as inputs for the next step,
and the state of each time step is solved sequentially.
For each time step, a quasi-Newton method is applied to
solve the analytical equations of the static problem [36].
The final output is the evolution curve of the gas pres-
sure, and the critical time is determined once the pres-
sure relief threshold is reached.

Compared with existing thermal abuse modelling
approaches for lithium-ion batteries [25], [31], the
proposed critical venting prediction model exhibits
clear advantages in multi-physics analytical modelling
and numerical solution strategies. This model integrates
four submodels of electrochemical reaction, heat con-
duction, gas state, and mechanical response, and
achieves coupling through unified state variables. It
comprehensively captures the heat generation, gas
production, pressure rise, and structural deformation
processes induced by SEI decomposition and regeneration,
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thereby enhancing the physical fidelity of thermal
runaway evolution. Unlike localized models focusing
solely on temperature rise or gas production, the pro-
posed model incorporates nonlinear elastic mechanical
behavior to quantify cell deformation under gas pres-
sure and explicitly defines the venting criterion. Re-
garding solution strategy, the model combines
equal-interval discretization with a quasi-Newton itera-
tive scheme to overcome numerical instability caused
by strong nonlinear coupling, enabling robust simula-
tion of pressure evolution and accurate prediction of
critical venting time.

B. Global Sensitivity Analysis

Based on the proposed pressure relief critical point
prediction model, a given set of input parameters yields
the corresponding critical moment, which can be ex-
pressed as a performance function:

te = f(X) (12)
where f. represents the pressure relief critical time un-

der thermal abuse conditions; and X is the parameter
vector containing 23 elements.

Collecting a large volume of sample data for each
parameter to measure its uncertainty would incur sig-
nificant costs. Therefore, global sensitivity analysis is
employed to select modelling parameters [37], provid-
ing a theoretical foundation for selecting uncertain pa-
rameters in the RBDO. Unlike local sensitivity
measures, variance-based global sensitivity analysis
provides a comprehensive understanding of how pa-
rameter variability influences the output of highly non-
linear models. This method decomposes the total output
variance into contributions from individual input pa-
rameters and their interactions, thereby quantifying both
first-order effects and higher-order interaction effects.
However, conventional variance-based global sensitiv-
ity analysis assumes statistical independence among
input parameters, which limits its ability to capture
potential dependencies between variables. For systems
involving complex correlations, a Copula-based global
sensitivity analysis framework [38] can be employed to
construct joint distributions while preserving marginal
characteristics, enabling a more accurate assessment of
sensitivities in parameter systems with correlated
structures.

In engineering applications, only a small number of
samples or references are required to determine the

uncertainty domain of parameters, i.e., X, € [X /L , X /R] .

X represents the jth element of X, while superscripts L

and R indicate the lower and upper bounds, respectively.

Latin hypercube sampling is used to obtain two sets of
sample matrices, 4 and B, within the uncertainty do-
main of X. The jth column of matrix A is replaced with
the jth column of matrix B to form a combined sample

matrix of CY, j=1,2---,N . Each matrix has a

dimension of M x N , where M is the number of sam-
ples, and its value range is specified as [103 , 105] . For

each sample in matrix A, the critical time model is ap-
plied, and the corresponding response samples are ob-
tained as f(4,),i=1,2,---,M . A denotes the vector

composed of the ith row elements of 4. The response
samples are aggregated into a vector, expressed as

fA = {f(Al )9 f(Az)a ) f(AM)} : Slmllaﬂy’ B and C(j)
correspond to the response sample

S5 ={f(B), f(B,), -, f(B,)}
(). r(e). . r(en))-

The variance of the response samples is calculated as:

V,=E(f(B)~E(f,)) (13)

where E(-) represents the operator for computing the

vectors

W) —
and o=

mean value. The global sensitivity index characterizes
the overall effect of an input parameter (X)), including

its main effect and interaction with other parameters,
expressed as:

1 N2
S; =5, <E(fu - 1) (14)
f

In this study, parameter sensitivity analysis is used
for sensitivity ranking rather than precise calculation of
sensitivity indices. Therefore, a sample size of 10° is
suggested to reduce computational costs. The global
sensitivity analysis requires evaluating the performance

function (N +2)x10° times. High-sensitivity parame-
ters are selected for the RBDO, while low-sensitivity
parameters are treated as constants. The parameter
X=(X,X,,,X,) is reduced to
Y=,Y,,-.Y,), L<N, and the performance func-
tion f(X) isrewrittenas f(Y).

vector

C. RBDO Model

The RBDO model for lithium-ion batteries consid-
ering the venting critical time is formulated as:

mdin obj(d)

(15)
st. B(f(V)-1, =0) =P, d* <d <d"
where obj represents the design objective; and d is the
design vector, which is determined based on engineer-
ing requirements; ¢, represents the target value for the
venting critical time, i.e., ¢, =3060s . It is the sum of
the heating and holding times specified under standard
thermal abuse conditions. P and P' represent the

probability of the battery passing the thermal abuse test
and its target value, respectively, which are also referred
to as reliability and target reliability.



136 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 10, NO. 6, NOVEMBER 2025

The proposed RBDO framework uses global sensi-
tivity analysis to select key model parameters for pre-
dicting the venting critical time of lithium-ion batteries.
This reduces the dimensionality of design variables,
decreasing the RBDO complexity. However, solving
the RBDO model still presents a challenge due to the
nested optimization structure: the outer layer searches
for the optimal design, while the inner layer evaluates
probability constraints based on the critical time evalu-
ations. Such nested optimization typically requires
hundreds to thousands of calls to the performance
function, resulting in high computational costs. The
established performance function is an analytical model
with millisecond-level computational efficiency, alle-

viating the computational burden of nested optimization.

However, to enhance the applicability of the proposed
framework for supporting time-consuming simulations
as performance functions, it is necessary to develop a
decoupling algorithm to improve solution efficiency.

IV. DECOUPLING ALGORITHM

The decoupling algorithm is an efficient method that
transforms nested optimization into a cycle of deter-
ministic design optimization and probability constraint
assessment. In each cycle, the probability constraint is
converted into an equivalent deterministic constraint,
forming a deterministic optimization problem to update
the design solution. The probability constraint assess-
ment solves the reliability analysis problem, providing
information for constructing the deterministic constraint
in the next cycle. Sequential optimization and reliability
assessment is a widely adopted decoupled algorithm in
reliability-based design optimization [39], whose ac-
curacy, computational efficiency, and convergence
performance have been extensively validated in prac-
tical engineering applications [40]. The detailed pro-
cedure is outlined as follows.

A. Iteration Mechanism

In the decoupling algorithm, the link between design
optimization and probability constraint assessment is
the shifting vector, which drives the cycle. For the
probability constraint in (15), its feasible domain

boundary is denoted as P (f ¥)-t, = 0) =P . Ig-

noring uncertainty, the probability constraint degener-
ates into a deterministic constraint, with its feasible

domain boundary represented by f(u,)—1, =0, and
M, as the mean vector of Y. The feasible domain of the

deterministic constraint is larger than that of the proba-
bility constraint, and the difference in their boundaries
is a vector. Converting the probability constraint into a
deterministic constraint involves shifting the boundary
of the deterministic constraint by a vector in the feasible
direction to shrink the feasible domain, approximating

the feasible domain of the probability constraint, de-
noted as f(,uy _S(k))_ttthr =0 . Therefore, in the kth

iteration step, the optimization model is rewritten as:
min obj(d)
d
(16)
st f(uy-89)-1, =0, d" <d <d"
The conventional optimization algorithms, such as
the sequential quadratic programming [41], is used to

solve (16) to obtain the design solution (d(k)) in the
current cycle.

B. Probability Constraint Assessment

The shifting vector defines the distance and direction
by which the probabilistic constraint boundary is ad-
justed toward its equivalent deterministic boundary and
is obtained via the performance measure approach for
reliability assessment. In this method, the performance
function value is treated as the optimization objective,
while the target reliability index serves as the constraint.
The algorithm searches for the point closest to the limit
state within a confidence region to evaluate the proba-
bility that the system satisfies the required performance.
Compared with the traditional first-order reliability
method, the performance measure approach transforms
the optimization variable from the Most Probable Point
in the standard normal space to the performance re-
sponse, thereby improving numerical stability when
handling strongly nonlinear performance functions and
avoiding issues such as gradient instability and iterative
oscillation.

The approach maps the performance function to the
standard normal space, i.c., the original space’s f(¥)

is written as g(U) in the standard normal space. U

represents the vector of ¥ in the standard normal space,
where each element in the U vector has a mean of 0 and

a standard deviation of 1. The target reliability (P') is

converted into the target reliability index ('), shown as:

B =a7(R") 0]
where @' epresents the inverse function of the stand-
ard normal cumulative distribution. For example, a
reliability of R' =99.4% corresponds to an index of
B' =2.5. The performance measurement algorithm can

determine the tangent point between the S'-isosurface

and the limit state surface, i.e., the maximum possible
point. Thus, an optimization problem is formulated as:

mUin g(U)
st.|U]|= 8
Then, the obtained maximum possible point is

mapped back to the original space, i.e., ¥ . The dif-
ference between the mean vector u, of the previous

(18)
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cycle and the maximum possible point in the original
space forms the current shifting vector as:

S(k) — ﬂ;;k_l) _ Y*(k—l) (19)

C. Convergence Criteria and Solution Process

The deterministic design optimization and probabil-
istic constraint evaluation are performed iteratively in
an alternating manner until both the design vector and
the probabilistic constraint converge, expressed as:

-]
<
"
K _ g\ _ gt
f(:uy -S )_tlhrZO
where ¢ denotes the convergence tolerance, recom-

(20)

mended to be 10~ . The solution process for the pro-
posed RBDO of lithium-ion batteries is summarized in
Fig. 5.

Formulate the critical pressure relief prediction
model, integrating (1) to (11)

|

Perform global sensitivity analysis to select
high-sensitivity parameters. as (12) to (14)

|

Construct the reliability-based design optimization
model, as (15).

|

‘ Set the initial point: &, k =0, s =0

|

‘ Update iteration information: k =k +1

{

‘ Calculate the shifting vector, as (17) to (19)

'

N Check for convergence,
as (20)?

LY

End and output the optimal solution

Fig. 5. The flowchart of the proposed RBDO algorithm for
lithium-ion batteries.
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The proposed decoupled algorithm decomposes the
RBDO process into two components: deterministic
design optimization and probabilistic constraint evalu-
ation, which are executed in an iterative, alternating
fashion. In each iteration, the performance measure
approach is first employed to evaluate the probability
that the current design solution satisfies the reliability
constraint under the influence of random parameters.
The most probable point is searched within the confi-
dence region, and the corresponding reliability index is
assessed. Subsequently, a shifting vector is constructed
to adjust the probabilistic constraint boundary, yielding
an equivalent deterministic constraint. Deterministic
optimization is then performed within the updated fea-
sible region to obtain a new design solution. This al-
ternating procedure continues between the design space
and the uncertainty space until the convergence criteria
are satisfied. The algorithm avoids the high computa-
tional cost and demonstrates strong numerical stability
when handling highly nonlinear performance functions.

V. ENGINEERING APPLICATIONS

Experimental and numerical results validate the per-
formance of the proposed approach for two types of
prismatic hard-pack lithium-ion batteries. The experi-
mental conditions are based on the standard thermal
abuse test, with specific details provided in Section II.
The two batteries studied are designated as A-type and
B-type. They have similar electrode materials, manu-
facturing processes, and experimental conditions. The
relevant modelling parameters are summarized in Table
II. The two battery types share similar characteristics
and their cell properties differ with corresponding pa-
rameters in Table III. The parameter information in
Tables II and III includes nominal values and fluctuation
ranges. The data is sourced from our previous research
[42]. To verify the randomness of the battery state re-
sponse, five samples of the same model were tested
simultaneously. The sample numbers for the two battery
types are A1-A5 and B1-BS5.

TABLE 1T
THARED MODELLING PARAMETERS OF THE TWO LITHIUM-ION BATTERY SAMPLES
Character Unit Nominal value Fluctuation range Character Unit Nominal value Fluctuation range
Iy, J/g 257 254.4,259.6 ¢ J(g'K) 0.95 0.94, 0.96
Iy Jg 1714 1697, 1731 R, J/(g'K) 0.21 0.20, 0.22
o 1.67x10" 1.65x10%, 1.69%x10' E MPa 3.634 3.600, 3.668
fr 2.50x10" 2.48x10",2.53x10" A 3.473 3.438, 3.508
E, J/mol 1.35x10° 1.34x10°, 1.36x10° x) 0.15 0.14,0.16
b g 0.156 0.154,0.158 xp 0.75 0.74,0.76
7r g 0.142 0.141, 0.143 3’ 0.97 0.96, 0.98
K, W/(mm-K) 0.236 0.212, 0.260 5’ mm 0.25 0.20, 0.30
N W-mm*K 3.0x107° 2.5x107°,3.5x107° By MPa 0.80 0.79, 0.81
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TABLE III
DISTINCT MODELLING PARAMETERS OF THE TWO LITHIUM-ION BATTERY SAMPLES
A-t B-
Character Unit ; pe ; ; type -
Nominal value Fluctuation range Nominal value Fluctuation range
A mm? 4408 4406, 4410 5642 5640, 5644
H° mm 5.8 5.7,5.9 4.8 4.7,4.9
m, g 16.0 15.8,16.2 16.6 16.4,16.8
my g 34.1 33.8,34.4 353 34.9,35.7

A. Validation of the Critical Time Prediction Model
The critical time prediction model is applied to solve

the temperature evolution and venting critical times for

two battery types. Given the pressure relief threshold

solution times for the two processes are 5 s and 6 s,
respectively. The average experimental and predicted
temperature curves for both batteries are shown in Fig. 6.
The experimental results for each sample of two battery
types are shown in Fig. 7. The experimental and pre-

(£, =0.8MPa) and time step interval (r=5s), the dicted critical times for samples are listed in Table I'V.
TABLE IV
COMPARISON OF EXPERIMENTAL AND PREDICTED CRITICAL VENTING TIMES FOR TWO BATTERIES UNDER THERMAL ABUSE CONDITIONS
A-type B-type
Critical time M M
Al A2 A3 Ad A5 can Bl B2 B3 B4 BS can
value value
Ex‘f’;ﬁ‘enfstal 2569 2679 3130 3397 3061 2967 4133 4280 3690 3791 4450 4071
n flgfgi 2080 2980 2980 2980 2980 2980 3985 3985 3985 3985 3985 3985
Relat(ﬁ/‘j)em’r 16.0 112 4.8 -12.3 2.6 0.4 -3.6 -7.1 8.0 5.1 -10.4 -2.1
I'(K) . . I'(K)
418 et Numerical Experimental 418 -
403 403+
388 ool
373 388
358 373+
343 358+
328 343+
313
21° ‘5 -
208 2?
3131 Heat to 403 K Insulation at 403 K
Error (K) 298 L " L Pl L | L T .
1.2r 0 5 10 15 20 25 30 35 40 45 50 55
82  (min)
0.3 (a)
0
T(K)
/ (min) 418
@) 403
T'(K) - - 388 F
418 ——rrrer Numerical Experimental
403 373y
388 - 358
373 f 343t
358 | 328
343+ -l £ :
328 F 313 eat to 403 K Insulation at 403 K
~in L0 e e S—S——r—r——_
3¢ 0 5 10 15 20 25 30 35 40 45 50 55 60 65 70
doglet ¢ (mim)
0 5 10 15 20 25 30 35 40 45 50 55 60 65
Error (K) (b)

IT
1.2
02
0.3 : MW
00 5 10 15 20 25 30 35 40 45 50 55 60 65
1 (min)
(b)

Fig. 6. Comparison of experimental mean temperatures and
predicted temperature curves for two batteries under thermal
abuse conditions. (a) Sample A. (b) Sample B.

Fig. 7. Uncertainty in temperature responses of battery samples
under thermal abuse conditions. (a) Sample A. (b) Sample B.

Figure 6 illustrates the comparison between experi-
mental mean temperature curves and model predictions
for the two types of batteries (Sample_ A and Sample B)
under thermal abuse conditions. Throughout the heating
and holding phases, the predicted temperature profiles
align closely with the experimental means, particularly
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near the thermal inflection point (~403 K), where the
fitting accuracy is notably high. The corresponding
error curves show that the maximum temperature devi-
ation remains below 1K, with peak discrepancies of
0.83K for Sample A and 0.72K for Sample B, and
root mean square errors (RMSE) of 0.22 K and 0.18 K,
respectively. These results confirm that the proposed
multi-physics analytical model demonstrates strong
predictive accuracy and numerical stability in capturing
temperature evolution.

As shown in Fig. 7, the individual temperature re-
sponse curves exhibit significant sample-to-sample
variability. Under identical thermal abuse conditions,
cells of the same type display measurable divergence
and fluctuation in thermal behavior. This variability is
particularly evident in two distinct stages. During the
heating phase (0—403 K), certain samples (e.g., A4 and
B1) exhibit slightly faster temperature rise, likely due to
subtle differences in local thermal conductivity or re-
sistance. In the holding phase (at 403 K), samples reach
the temperature plateau at different times, with notice-
able variations in the slope of their temperature curves.
These differences reflect inter-sample variability in heat
capacity and reaction kinetics, thereby highlighting the
necessity of incorporating parameter uncertainties in the
design optimization process.

Moreover, the proposed critical venting prediction
model demonstrates consistent trend-capturing capabil-
ity across different samples. As shown in Table V, alt-
hough the experimentally observed venting times ex-
hibit significant dispersion (with a maximum deviation
of 828 s), the model-predicted mean values closely
match the experimental averages, with relative errors of
only 0.4% for Sample A and —2.1% for Sample B. This
consistency highlights the model’s robust ability to
capture the gas generation induced pressure evolution
and to accurately predict the critical venting time of
lithium-ion batteries under thermal abuse.

TABLE V
VERIFICATION OF SOLUTION CONSISTENCY IN STATE EVOLUTION
FOR TWO BATTERY TYPES

accuracy, and computational efficiency. High-fidelity
simulation models, based on finite element methods,
offer detailed characterization of multi-physics interac-
tions and achieve high predictive accuracy. However,
they incur substantial computational costs, with sin-
gle-run solutions typically requiring several minutes to
hours. In contrast, conventional analytical models fea-
ture superior computational speed but often lack a
comprehensive coupling of heat generation, gas pro-
duction, pressure rise, and structural deformation,
thereby limiting their physical representativeness. The
proposed analytical model addresses these limitations
by integrating electrochemical kinetics, heat conduction,
gas dynamics, and nonlinear mechanics into a unified
multi-physics framework. It achieves second-level
computational efficiency while maintaining high fidel-
ity in predicting both temperature evolution and critical
venting time. This balanced performance across accu-
racy, efficiency, and physical realism underscores its
superiority in practical engineering applications.

B. Global Sensitivity Analysis

Based on the critical time prediction model and the
fluctuation ranges of the modelling parameters, global
uncertainty measurement is performed on the parame-
ters to provide a basis for selecting uncertain parameters
in RBDO. The number of samples is set to 10°. The
time for solving parameter sensitivity for two battery
types is 34.7 hours and 41.7 hours, respectively. Table
VI lists the modelling parameters with high-sensitivity,
with their indices greater than 0.01. The sensitivity
index rankings for both battery types are similar. The
high-sensitivity parameters include: activation energy

(E,), assembly gap (5°), gas constant (R.), cutoff
temperature (7,"*) , strain index (A), and pressure
threshold (P, ) . Among them, activation energy has the
highest global sensitivity index.

TABLE VI
GLOBAL SENSITIVITY ANALYSIS RESULTS OF MODEL PARAMETERS
UNDER THERMAL ABUSE CONDITIONS FOR CRITICAL VENTING

Evaluation metric Sample_A Sample B PREDICTION.
Maxim;lrrrr; Ee(rlng;erature 083 072 Parameter E, 5 R. ™ 2 P,
A-type 0.585 0.255 0204 0.092 0.020 0.019
Root mean square error
(RMSE, K) 0.22 0.18 B-type 0.832  0.231 0.132  0.096  0.015 0.013
Deviation in critical 0.4% (13 s) ~2.1% (86 s) Within  their  respective  variation  ranges,

venting time
Max deviation among 5
samples (s)
Single prediction runtime
(s)

To further validate the effectiveness of the proposed
model, comparative evaluations are conducted against
representative electrochemical-thermal coupled simu-
lation models and conventional analytical models [43],
[44]. These comparisons are made across three key
dimensions: physical modelling completeness, prediction

828 (Alvs Ad) 760 (B3 vs BS)

5 6

high-sensitivity parameters exert significant influence
on the prediction of the critical venting time. The acti-
vation energy governs the temperature dependence of
the reaction rate; an increase in its value suppresses the
SEI decomposition process, thereby delaying gas gen-
eration and heat accumulation, ultimately postponing
the venting onset. As a structural parameter, assembly
gap reflects manufacturing tolerances; a larger gap in-
creases the available expansion volume, reduces the
pressure rise rate, and delays the triggering moment.
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Variations in the gas constant stem from uncertainties in
gas composition and affect pressure estimation per unit
gas generation, thereby influencing critical time pre-
diction. Deviations in cut-off temperature result from
thermal control uncertainty in abuse testing; even slight
increases in the upper bound significantly accelerate
reaction kinetics and pressure buildup. The strain index
characterizes the nonlinear compressive behavior of the
battery core; a higher index indicates limited defor-
mation capability, promoting gas accumulation in a
smaller volume and accelerating the onset of critical
conditions. The pressure threshold, as the venting trig-
ger criterion, has a direct linear effect on the predicted
critical time, with its variation determining the decision
boundary of the model.

High-sensitivity parameters are modeled as normally
distributed random variables in the subsequent optimi-
zation process, while low-sensitivity parameters are
treated using their nominal values to reduce computa-
tional dimensionality. It is important to note that alt-
hough several parameters exhibit high-sensitivity indi-
ces in the global sensitivity analysis, not all possess
engineering tunability for use as design variables. Ac-
tivation energy and strain index are intrinsic material
properties that typically remain constant once the ma-
terial system is determined, making them unsuitable for
adjustment during structural design. The gas constant is
a fixed physical property of the reaction gases and
cannot be artificially modified. The cut-off temperature,
as a boundary condition in thermal abuse testing, is
constrained by regulatory standards and cannot be
freely adjusted. The pressure threshold is governed by
battery structural design codes and safety regulations,
allowing only limited tuning. Therefore, this study se-
lects the assembly gap as the design variable due to its
clear adjustability in battery structural configuration. It
directly influences gas accumulation, pressure evolution,
and the mechanical response of the battery core, serving
as a crucial link between structural design and reliability
objectives. This highlights the practical feasibility and
engineering relevance of the proposed method.

C. RBDO Solution

The global sensitivity measure indicates that the as-
sembly gap has the greatest impact on the venting crit-
icality of lithium batteries under thermal abuse condi-
tions. A large assembly gap may lead to sliding friction
between the battery cell and the shell, causing structural

damage and potentially triggering a short circuit. Con-
versely, a small gap may result in the venting criticality
occurring before the thermal abuse test ends, thus fail-
ing to meet safety standards. In response to engineering
requirements, the nominal value of the assembly gap is
set as a design variable and objective, while the proba-
bility of exceeding the target reliability in thermal abuse
tests is treated as a constraint. The RBDO is formulated as:
min i
H

s.t. R(f(EA,ao,RC,TAmax’/Lth)_n

thr

=0)=(21)
P'=99.4%,0.1l mm < g, <1.0 mm

where 4, represents the nominal value (5°) of the
assembly gap. Samples of high-sensitivity parameters
(E,, 8°, R., T™, A, P,.) are collected and treated as
normal random variables. Their mean values and
standard deviations are listed in Table VII.

TABLE VII
THE UNCERTAINTY QUANTIFICATION OF HIGHLY SENSITIVE
PARAMETERS IN THE VENTING THRESHOLD PREDICTION MODEL

Parameter E, S5° R. ™ A P,
Unit J/mol mm  J/(g'K) K MPa
Mean 35005 4 021 403 3473 0.80
value

Standard 580 003 0006 12 002 0.006

deviation

Using " =0.25mm as the initial design, the de-

coupling algorithm is applied to solve (21). For both
battery types, the solution achieves robust convergence
after several iterations. The iteration solutions and op-
timal solutions are listed in Table VIII. The optimization
process for the two types involves 972 and 1221 calls to
the critical time prediction model, with computational
times of 1.4 and 1.9 hours, respectively. At the initial

designs of &, =3, =0.25 mm, the reliability of the two
types passing the thermal abuse test (43.2% and 62.7%)

is much lower than the target reliability (99.4%), indi-
cating an unacceptable risk of thermal runaway. The

optimal solutions for both types, &, =0.43 mm and

Sy =0.32 mm, are obtained using the proposed ap-
proach. At the optimal solution, the reliability for
passing the thermal abuse test is 99.39% and 99.40%,
slightly exceeding the target reliability. Thus, the op-
timal solutions are feasible.

TABLE VIII
THE RBDO SOLUTIONS CONSIDERING CRITICAL VENTING IN LITHIUM-ION BATTERIES FOR TWO SAMPLES
Type Iteration (k) 1 2 3 4 5 6 7 8
A Solution (mm) 0.250 0.271 0.379 0.418 0.441 0.433 0.433
Reliability (%) 43.1 56.5 95.7 98.2 99.8 99.4 99.4
B Solution (mm) 0.250 0.181 0.288 0.302 0.308 0.321 0.314 0.314
Reliability (%) 92.2 52.8 97.9 98.9 99.1 99.9 99.4 99.4
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D. Discussion

The performance of the proposed approach is dis-
cussed in terms of accuracy, applicability, and effi-
ciency. RBDO involves an outer layer for searching the
optimal design and an inner layer for evaluating the
reliability of passing the thermal abuse test. Both layers
are driven by the venting critical time prediction for
lithium-ion batteries. The accuracy and efficiency of the
prediction model theoretically determine the overall
RBDO performance. Experimental results for five
samples of each battery type show that the maximum
temperature error between the experimental and pre-
dicted values is 0.83 K for the A-type and 0.72 K for the
B-type. The relative errors between the predicted and
experimental critical times are 0.4% for the A-type and
2.1% for the B-type. Regarding efficiency, the critical
time prediction takes five seconds for A-type and six
seconds for B-type. This level of accuracy and effi-
ciency provides a solid foundation for subsequent
RBDO.

In terms of applicability, global sensitivity analysis is
used to identify the impact of parameter uncertainty on
the fluctuation of the venting critical time. This analysis
explores the range of parameter variations and identi-
fied high-sensitivity parameters such as activation en-
ergy, assembly gap, gas constant, cutoff temperature,
strain index, and pressure threshold. This reduces the
dimensionality of RBDO, helping lower the cost of
sampling uncertain parameters and reducing its com-
putational burden. The RBDO solving process for two
battery types involves 972 and 1,221 calls to the critical
time predictions, respectively, with a total computation
time of less than two hours. This computational cost is
acceptable for engineering applications. Reliability
analysis showed that the initial designs for both batter-
ies led to a reliability lower than the target, posing an
unacceptable thermal runaway risk. Through RBDO,
the solutions achieves a reliability slightly higher than
the target, making them viable designs for lithium-ion
batteries. In short, the proposed approach demonstrates
clear advantages in accuracy, applicability, and effi-
ciency, highlighting its strong engineering practicality.

VI. CONCLUSION

The state evolution of lithium-ion batteries is influ-
enced by multiple sources of uncertainty, potentially
leading to thermal runaway risks. To address this chal-
lenge, this study proposes an RBDO method incorpo-
rating critical venting prediction, aiming to derive re-
liable design solutions that satisfy thermal abuse testing
requirements. The methodological innovations of this
study can be summarized as follows. First, a phys-
ics-based analytical model is developed by coupling
electrochemical reactions, heat transfer, gas dynamics,
and nonlinear mechanical responses, which captures the

heat/gas/mechanical evolution process induced by SEI
decomposition under thermal abuse. The predicted
critical venting time is incorporated as the performance
metric in the design framework. Second, a global sen-
sitivity analysis based on variance decomposition is
conducted to identify key uncertain parameters affect-
ing the venting response, enabling effective dimen-
sionality reduction of the high-dimensional optimiza-
tion problem. Finally, an RBDO model is formulated
with the probability of venting as the core constraint.
The model is efficiently solved using the performance
measure approach and a decoupled iterative strategy,
ensuring numerical convergence and computational
efficiency.

Numerical and experimental results for two types of
battery samples demonstrate the excellent accuracy and
efficiency of the proposed method. Regarding accuracy,
the maximum temperature prediction error is less than
1 K, and the relative error in critical venting time pre-
diction is below 3%. Regarding efficiency, the RBDO
model for both battery cases is solved within 2 hours,
and the obtained design solutions exceed the target
reliability level for passing the thermal abuse test. These
results highlight the computational feasibility and prac-
tical engineering applicability of the proposed approach.
In future work, we aim to extend this framework to a
full life-cycle reliability-based design optimization
method for lithium-ion batteries, addressing the chal-
lenges associated with modelling and solving optimi-
zation problems under stochastic processes. This will
involve introducing battery aging models and lifetime
prediction mechanisms, constructing time-varying
functions for key parameters that evolve with cycling,
and embedding them into the multi-physics modelling
framework to enhance adaptability over the battery life
span. A Bayesian-update-based uncertainty propagation
framework will be developed to characterize the effects
of manufacturing deviations and operating condition
variability on performance evolution. Combined with
stage-wise RBDO strategies and efficient optimization
algorithms, the proposed extension will enable reliabil-
ity control and performance enhancement across dif-
ferent aging stages.
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