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A Review on Mitigating Thermal Runaway Propagation
in Battery Packs: from Mechanisms to Modeling and
Design Optimization

Yiyue Jiang,a Yuan Jiang,a and Pingfeng Wang∗a

Thermal runaway (TR) in modern lithium-ion battery packs is a critical safety concern due to its
potential to cause fires or explosions. When a single cell experiences TR, the intense heat and exother-
mic reactions can rapidly propagate to neighboring cells, leading to thermal runaway propagation
(TRP) at the module or pack level. This review provides a comprehensive examination of TR and
TRP, spanning from fundamental mechanisms through advanced modeling techniques to practical
mitigation measures and pack-level design optimization strategies. We first delineate the chemi-
cal and thermal mechanisms that initiate TR and govern cell-to-cell propagation. We then review
state-of-the-art modeling methods, from reduced-order analytical models to detailed 3D multiphysics
simulations, as well as emerging data-driven models that predict the onset and propagation of TR
events. The strengths and limitations of these modeling approaches are compared in the context
of safety prediction. Finally, we discuss current TRP mitigation strategies and emphasize safety-
conscious design optimization for battery packs. By integrating improved thermal management,
protective materials, and optimized pack architecture, the review highlights how design optimization
can minimize propagation risks. Through this holistic approach, the article offers insights to guide
researchers in developing next-generation battery packs with enhanced safety and resilience against
TR.

1 Introduction
With the exponential growth in global energy demand, the defects
of traditional non-sustainable energy sources, such as fossil fuels,
become increasingly prominent. The problems such as fast re-
serve consumption, severe health issues caused by environmental
pollution, climate change and greenhouse effects, and the over-
reliance of assets and infrastructure on fossil fuels have been ex-
tensively discussed1–4. Vigorously developing renewable energy
as an alternative has become a consensus all across the world,
and more and more goals and efforts have focused on it5–9. As
an excellent rechargeable energy storage component, lithium-ion
batteries (LIBs) have conspicuous merits, including high power
density, extended cycle life, and low and controllable cost projec-
tions. They can be applied to various applications, such as acting
as the core power source in electric vehicles (EVs) or integrating
the power generated from other renewable energy sources into
the power grid, etc.10–14. According to the International Energy
Agency, forecasts for 2025 expect EV sales to exceed 20 million
worldwide, equating to more than one-quarter of all cars sold this
year15.

a Department of Industrial and Enterprise Systems Engineering, University of Illinois at
Urbana-Champaign, Urbana, IL, USA

Given the high demand for LIBs, the high energy content and
reactive chemistry inside a battery cell also pose serious safety
challenges. Foremost among these is the risk of thermal run-
away (TR), a phenomenon in which a battery cell undergoes self-
accelerating exothermic reactions, leading to rapid temperature
and pressure escalation. TR events can be triggered by various
abuse conditions or faults, such as overheating, overcharging, in-
ternal short circuits, or mechanical damage16. Once initiated, a
TR results in the violent release of heat and gas, often rupturing
the cell and potentially causing fire or explosion17. The core func-
tioning components in LIB applications, such as EVs and station-
ary energy storage systems (ESSs), typically contain numerous
cells packed tightly together for high performance. Under such
circumstances, the failure of a single cell can trigger a domino
effect and have cascading failure as a consequence. The intense
heat and flame from a runaway cell may quickly spread to adja-
cent cells, causing them to overheat and enter TR in turn – a pro-
cess known as thermal runaway propagation (TRP). In essence,
what begins as a localized cell failure can escalate into a chain re-
action engulfing an entire module or pack. This propagation phe-
nomenon is widely recognized as a critical safety concern unique
to battery systems, as it can multiply the severity of an incident
dramatically. The consequences of TR and TRP events are often
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catastrophic and have been documented in multiple accidents un-
der different application scenarios17,18. Such incidents illustrate
how TRP can compromise the safety of EVs or ESSs within min-
utes, posing grave risks to users and surrounding infrastructures.

Preventing or limiting TRP can be exceedingly challenging.
Once a chain reaction begins, the heat release and fire can be
self-sustaining and difficult to suppress. TRP effectively negates
the cell-level safety measures, making the entire battery pack sus-
ceptible to total failure. Indeed, TRP has been identified as one of
the most formidable barriers to the wider application of LIB tech-
nology in transportation and grid storage19,20. Ensuring battery
safety under all conditions has, therefore, become a top priority
for manufacturers, researchers, and regulators. Modern battery
packs are being designed with myriad safety features to mitigate
propagation risks; yet, completely eliminating the TR hazard re-
mains an unsolved engineering problem.

In light of the severity and complexity of this issue, there is a
compelling need for a comprehensive review of TRP in contempo-
rary battery packs. Research activity on LIB safety has intensified
substantially in recent years, producing a wealth of studies on
TR mechanisms, modeling, and mitigation. Many review articles
have also appeared to cover related topics21–23. Nevertheless, a
synthesis focusing specifically on TRP in modern, high-energy bat-
tery packs is still warranted. This paper aims to provide a holis-
tic overview of the state-of-the-art understanding of TRP, consol-
idating findings from the latest literature, including the current
progress in TRP research and the strategies being developed to
enhance battery safety, and identifying the key challenges that lie
ahead.

To provide a more comprehensive review on this topic, we or-
ganize the entire paper in a progressive manner, starting with the
mechanisms of TR and TRP to provide an overall understanding
of the hazards, moving towards the modeling methods, introduc-
ing the ways to emulate TRP, and finally discussing the design
optimization methods to mitigate the problem. Fig. 1 shows the
overall thread of this paper, and each covered point will be elab-
orated in the following sections. As just mentioned, the struc-
ture of this paper is arranged as follows: We first examine the
fundamental mechanisms of TR and TRP, as well as the influ-
ential factors that govern TR propagation between cells (Section
2). This is followed by a review of the modeling and simulation
techniques used to study TRP, ranging from empirical models to
advanced multiphysics simulations (Section 3). In Section 4, we
discuss current mitigation and prevention strategies for TRP, in-
cluding materials, pack design innovations, and operational con-
trols aimed at stopping or slowing propagation. Finally, Section 5
addresses the remaining challenges, safety standards, and future
outlook for TRP, highlighting the research directions and techno-
logical developments needed to achieve inherently safer battery
packs. Together, these sections provide a comprehensive assess-
ment of TRP in modern LIB packs and outline pathways toward
improved safety in the era of electrification.

2 TRP Mechanisms and Influential Factors
Due to the active chemical properties of their components, LIBs
are prone to various abuse conditions such as deformation, over-

charging, overheating, etc., and TR hazards can be the result of
such conditions24,25. Moreover, as long as the TR of one battery
cell inside a battery pack is triggered, the battery will release a
large amount of thermal energy from the exothermic reactions,
causing the adjacent battery cells to heat rapidly and undergo an
overheating situation, initiating a cell-to-cell chain reaction and
TRP process26. Acknowledging that such safety issues are one
of the crucial factors that restrict the development and applica-
tion of LIBs, this chapter mainly discusses why battery cells may
undergo TR and how TR propagates through battery packs in de-
tail. Understanding such mechanisms can bring prior knowledge
to solving such safety problems.

2.1 TR Mechanism
The TR mechanisms of a single battery cell have been studied in
numerous existing studies. Based on these studies, this section
will explain how TR is triggered and what occurs during the TR
process. This will provide a basis for the TRP.

The external causes of TR can be characterized by three
main reasons: mechanical abuse, electrical abuse, and thermal
abuse16.

1. Mechanical abuse: Typical mechanical abuse includes crush-
ing, collision, and penetration. Mostly, TR triggered by a
mechanical abuse condition is due to the structural defor-
mation of a battery cell, further resulting in internal short-
circuit (ISC), an electrical abuse condition.

2. Electrical abuse: Typical electrical abuse includes ISC and
overcharging. If an electrical abuse condition occurs in a
LIB cell, the produced Joule heat will raise the temperature
of battery cell, providing conditions for the thermal abuse.

3. Thermal abuse: Typical thermal abuse includes overheating.
When the temperature of a battery cell reaches a certain
point, a chain of exothermic reactions inside the LIB cell will
take place and a large amount of heat will be released, fi-
nally resulting in an extremely high temperature up to 800-
1000◦C.

After the trigger of TR, the LIB cell will undergo three stages
according to27: 1) the onset of overheating, 2) the heat accumu-
lation and gas release process, and 3) combustion and explosion.
At the first stage, the battery system begins to overheat due to
the aforementioned reasons, and the temperature starts to rise.
Then, at the second stage, the temperature quickly rises because
of various exothermic reactions occurring at different components
inside the LIB cell. Finally, at the third stage, the combustion and
explosion caused by high-volatility or flammable gasses released
during the reactions occur, leading to severe safety hazards.

If the heat production process is explored from a micro per-
spective, there are various exothermic reactions at different tem-
peratures28–30. In an order of reaction starting temperature,
from low to high, they are mainly: 1) solid electrolyte interface
(SEI) decomposition (80-120◦C)24,28, 2) anode-electrolyte reac-
tion (120-250◦C, after SEI decomposition)24,31, 3) decomposi-
tion of cathode (onset temperature varies with cathode materials:
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Fig. 1 The structure of this paper

LixMn2O4 150◦C32, LixCoO2 around 180◦C33, LiyNiO2 around
200◦C34, LiNi1−y−zCoyAlzO2 around 200◦C35, LiNixCoyMnzO2

around 150-300◦C depending on the values of x,y,z36, LiFePO4

around 310◦C37), 4) Electrolyte decomposition (185-greater
than 350◦C)38, 5) Graphite anode decomposition (>250◦C)39.
Each reaction releases a large amount of heat that is sufficient
to raise the battery temperature to the onset point of the next
reaction, leading to an acute rise in LIB cell temperature, which
further causes combustion and explosion.

The mathematical models of these chemical reactions can be
established through Arrhenius equations40–42:

dxs

dt
=−xs ·As · exp

(
− Es

kbT

)
(1)

dxa

dt
=−xa ·Aa · exp

(
− Ea

kbT

)
· exp

(
− z

z0

)
(2)

dz
dt

= xa ·Aa · exp
(
− Ea

kbT

)
· exp

(
− z

z0

)
(3)

dα

dt
= α · (1−α) ·Ac · exp

(
− Ec

kbT

)
(4)

dce

dt
=−Ae · exp

(
− Ee

kbT

)
(5)

dSOC
dt

=−ISCcond ·SOC ·Ace · exp
(
− Eec

kbT

)
(6)

The generated heat through these reactions can be modeled as:

q̇gen = q̇s + q̇a + q̇c + q̇e + q̇ec (7)

q̇s =−mshs
dxs

dt
(8)

q̇a =−maha
dxa

dt
(9)

q̇c = mchc
dα

dt
(10)

q̇e =−mehe
dce

dt
(11)

q̇ec =−hec
dSOC

dt
(12)

Eqs. (2)–(6) represent the reactions occurring during TR. xa

and xs represent the Li-ion present in the anode and SEI; z is the
dimensionless thickness of the SEI (z0 is its initial value); α is the
degree of conversion of the cathode; ce is the dimensionless con-
centration of the electrolyte. The symbols A and E represent the
frequency factor and the activation energy, respectively, and the
subscripts stand for different reactions: s for SEI decomposition,
a for anode decomposition, c for cathode decomposition, e for
electrolyte decomposition, and ec for electrochemical reactions.
ISCcond is an indicator representing whether the ISC is triggered
inside the battery; if triggered, its value is set to 1; otherwise, it
is set to 0. kb is the Boltzmann constant. It is worth noting that as
a triggering method, ISC can significantly influence the thermal
behaviors after TR starts inside a LIB43,44.
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Eq. (7) represents the total heat generation produced by the
exothermic reaction heat, which is the sum of different exother-
mic heats. Eqs. (8)–(12) list the heat release rate of each re-
action, where m and h stand for the mass and the enthalpy or
heat released by different reactions, respectively. Combined with
Eqs. (1)–(6), the total heat released by TR can be modeled. The
specific parameter values can be looked up in40–42.

Once TR is initiated in a single cell, propagation to neighboring
cells typically follows. A large amount of heat from the TR battery
will be transferred to adjacent battery cells due to a combination
of conduction, convection, and radiation, leading them to soon
fall into an overheating condition23. If the exothermic reactions
of their components are triggered because of the high tempera-
ture, TR will start inside those adjacent battery cells. Finally, a
chain reaction of TRP will burn out the entire battery pack, which
contains numerous battery cells45. Fig. 2 shows the sketch of the
internal structure of a LIB and the main exothermic reactions.

2.2 Propagation Mechanisms and Influential Factors

After being triggered inside the battery, TR will propagate through
the battery pack. As introduced in Section 2.1, the heat released
by TR in a single battery may be transferred by conduction, radia-
tion, and convection in a battery pack. The heat balance equation
of this propagation process can be deduced based on the first law
of thermodynamics46:

∆Ė = Q+ Φ̇ht , (13)

where ∆Ė represents the increase rate of the internal energy of the
battery cell, Q is the self-heat generation rate within the battery
cell, and Φ̇ht is the heat transfer intensity. Eq. (13) can be further
broken down into Eq. (14):

ρbCp,b(T )
∂T
∂ t

= q̇gen+∇ ·(k∇T )−∇ ·(ρ f Cp, f
−→v T )+σε(T 4−T 4

sur)+ q̇med

(14)
The terms T and t represent temperature and time. The left side
of Eq. (14) represents ∆Ė in Eq. (13). ρb and Cp,b are the bulk
density and the specific heat capacity of the battery cell, respec-
tively. On the right side of Eq. (14), q̇gen represents the generated
heat, primarily from the chemical heat of the TR process, and
also includes some electrical heat from the Joule heating process.
The rest of the terms of the equation stand for Φ̇ht . ∇ · (k∇T )
represents the conductive heat within solid materials, where k is
the thermal conductivity. −∇ · (ρ f Cp, f

−→v T ) represents the convec-
tion heat within the natural or forced flow of air or cooling fluid
when applicable, where ρ f and Cp, f represent the density and
specific heat capacity of the fluid, and −→v represents the velocity
field of the fluid. σε(T 4 − T 4

sur) is the radiation heat, where σ

is the Stefan-Boltzmann constant, ε is the emissivity, and Tsur is
the temperature of the surrounding area. Finally, the term q̇med

represents the heat generation through the medium in which the
batteries are soaked. It is 0 when the medium is air, while it has a
negative sign when using a heat absorption material, such as the
phase change material (PCM), as the medium. These influential
factors are sketched in Fig. 3 including each term in Eq. (14).

Therefore, according to Eq. (14) and Fig. 3, apart from battery

physical properties such as density and specific heat, the propa-
gation process (as represented by ∂T/∂ t on the left side of the
equation) can be influenced by the factors on the right side of
the equation, including the heat generation from batteries, heat
transfer (conduction, convection, and radiation), and the heat ab-
sorption from the medium.

2.2.1 Battery Heat Generation

During TRP, the main heat coming from battery heat generation
is from TR. As discussed before in Section 2.1, the magnitude of
this internal heat generation reaction inside a battery cell and the
heat release rate during TR can be significantly influenced by the
cell’s chemistry and state, including state of charge (SOC), aging,
and materials.

Research has proven that batteries with higher SOC have a
higher probability and a more intensive reaction of TR47. In-
tuitively, a higher SOC means more stored energy and reactive
material, so cells at 100% SOC experience more violent TR with
greater heat release (and larger flame/jets) than cells at lower
SOC. Chen et al.48 tested cells with 30% SOC and 100% SOC, and
observed that 100% high-energy 21700 cells underwent more ag-
gressive TR than 30% SOC cells. However, propagation scenar-
ios are different. A series of experiments conducted by Wang et
al.49 have shown that the battery packs with 40% and 60% SOC
have an obvious propagation among battery cells with the high-
est temperature increasing rate, whereas the propagation did not
happen in 80% and 100% SOC packs. They explained this phe-
nomenon by more amount of combustible gases released by 50%
SOC cells compared to fully-charged 100% SOC cells, and these
gases were more likely to be heated and ignited by the high tem-
perature during TR, which aligned with the studies of Zhong et
al.50. Karmakar et al.51 also discovered in their experiments that
while the battery modules with lower SOC had TR propagated,
such phenomenon did not occur in the module with 100% SOC
since the rapid heat release rate did not transfer sufficient heat to
trigger the TR of the neighboring cells.

Since battery aging can significantly influence the normal cy-
cling performance of a battery cell, it is also considered a crucial
factor contributing to the probability of TR occurrence52. Zhao
et al.53 tested the TR of battery cells under different cycle ages
from fresh to 400 cycles whose state of health (SOH) has dropped
to 80%, and they discovered that compared to fresh battery cells,
the battery cells having more cycles had a lower triggering tem-
perature of TR, meaning that they were easier to get into TR.
However, their peak TR temperature was lower than that of fresh
cells. In contrast, experiments conducted by Wang et al.49 did
not find a significant influence of battery aging in terms of TR
propagation rate. They tested 5 different battery cell groups with
different aging degrees, and the propagation interval between ad-
jacent battery cells did not exhibit an obvious changing trend as
the cycle life changed. Han et al.54 found that the aged battery
module’s TR start time would be advanced by comparing the TR
and TRP processes of battery packs with 100% and 90% SOH. It
can also be observed from their results that the propagation inter-
vals between two adjacent cells remained similar under the two
different SOH values.
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Fig. 2 The main exothermic reactions during TR inside a LIB.

Chemistry of the battery components also plays a role in TR,
thus may influence TRP. As discussed before in Section 2.1, dif-
ferent cathode materials have different thermal stability and reac-
tion enthalpies, causing different reaction temperatures. Schoberl
et al.55 tested NCM811 and LFP battery cells, which were uti-
lized in different EV models, and found that the NCM-811 cells
were 9 times faster in TR reaction speed and 5 times faster in
the whole propagation interval than LFP cells. Batteries with the
cathode composed of the same element may exhibit different TRP
characteristics because of different element concentrations. Li et
al.56 tested 3 prismatic battery packs with different NCM cath-
odes. Their test results indicated that high-Ni cathodes showed
the fastest heat rise and faster propagation speed compared with
low-Ni cathodes. Apart from electrode materials, different elec-
trolyte chemistry or form may also influence heat generation in a
single battery cell, thus changing the TRP behaviors. Chen et al.57

explored the effects of quasi-solid-state electrolyte and liquid elec-
trolyte on the TR behaviors, and the results showed a higher ther-
mal stability of the former electrolyte, with more side-reaction
inhibition performance and higher TR onset temperature.

Overall, battery heat generation is mainly correlated with the
electrochemical status and materials of the battery cells. Also,
the TR behaviors of a single battery may differ from TRP of a bat-
tery pack, meaning that conditions causing easier TR in a single
battery may not necessarily lead to easier or quicker propagation
in battery pack scenario. Higher SOC would cause a more in-
tense TR reaction of a single battery cell, but the battery packs
with around 50% SOC are more prone to TRP because of more
flammable gas release. TR is more likely to happen in more aged
battery cells, but the propagation speed does not show much dif-
ference between fresh and aged battery packs. Finally, electrode
or electrolyte materials have a lot of influence on the thermal sta-
bility of the battery cells, making it important for the safety design
of battery cells.

2.2.2 Heat Transfer

As discussed before, heat mainly transfers in TRP through three
forms: conduction, convection, and radiation. Conduction means
heat transfer through direct solid material contact; convection
mainly happens if there is fluid medium such as gas, liquid, or
flame; radiation happens through any gaps or thermal insulation
layers between batteries. In tightly packed modules (or horizon-

tally aligned cells), conductive heat transfer is often the predomi-
nant propagation path between cells. For example, in Gao et al.’s
experiments58, conduction heat on the large surface was char-
acterized as the cause of initial trigger of the propagation in the
horizontal direction after a single battery encountered TR. If cells
share a common metal cooling plate or bus bar, that can also con-
duct heat between them. Li et al.59 found that the side plates of a
battery pack considerably affected the heat transfer path and en-
ergy flow distribution during TRP, and the large amount of heat
flowed through the side plate delayed the TR trigger time and
the propagation time interval. This is also a good example that
changing the way of heat transfer may affect the TRP behaviors.
Convective heat transfer comes into play if there is fluid (gas or
liquid) or flame movement in the pack. When a cell vents hot
gases and ejecta, these can carry heat to adjacent cells. For in-
stance, Zhang et al.60 found that the heat convection effect of
the flame and the TR propagation speed tended to increase when
the distance between the battery pack and the ceiling plate de-
creased. Heat radiation is crucial in high-temperature processes
such as TRP61. A cell in TR can radiate a significant amount of
thermal energy to the surroundings and heat the adjacent battery
cells. The thermal energy transferred by radiation is closely re-
lated to the inter-battery distance. Fang et al.62 found that heat
radiation was one dominant reason for propagation in their ex-
periment, and they also discussed the influence of spacing on the
propagation behavior. The study of Mishra et al.63 also found
that a large cell gap might inhibit propagation, while it also re-
duced the energy storage density of the battery pack. They also
explored the thermal conductivity of the interstitial material in
the battery pack and found that a high value would accelerate
the propagation, while a low value would concentrate the pro-
duced heat and aggravate local TR. Jia et al.40 also discussed the
propagation behaviors under different packing spacing and stack-
ing form. Inferred from their results, a low spacing led to local
overheating of the surface of the adjacent battery, which was sim-
ilar to conduction heat, whereas a high spacing was similar to
radiation, causing the surface and jellyroll average temperatures
to converge over time. They also indicated that the stacking of a
battery pack might influence the propagation behaviors.

In summary, all three heat transfer modes can contribute to the
propagation, but the relative significance of each mode depends
on the pack geometry and conditions. Conduction can be dom-
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Fig. 3 TRP mechanisms and the influential factors.

inant in small cell spacing and solid connections, whereas con-
vection becomes significant in open airflow or venting, and radia-
tion prevails at larger gaps and higher temperatures. Also, chang-
ing the dominant heat transfer mode may change the transferred
heat, thus influencing the propagation behaviors. The battery
pack configurations can largely influence cell-to-cell heat trans-
fer during propagation, specifically, the inter-cell spacing, geo-
metric arrangement of the battery pack, heat transfer medium,
side plate, connection methods, etc. However, there do exist cer-
tain trade-offs when designing a battery pack considering some of
these factors. For example, how to choose the interstitial material
with a proper thermal conductivity, or how to adjust the inter-cell
spacing to balance the energy density and the safety of the battery
pack. Therefore, the challenge still remains.

2.2.3 Heat Absorption in Medium

If there is any heat transfer medium surrounding the cells, such
as coolant, it can sometimes absorb heat, represented by the term
q̇med in Eq. (14). Pack-scale studies consistently show that chang-
ing the heat-absorption characteristics of the inter-cell medium
reshapes how TR propagates. In an open module with only air
as the medium, this term is effectively zero since air has neg-
ligible heat absorption aside from carrying away some heat via
convection. Instead, filling the space with a PCM or other coolant
can significantly change the propagation behavior. PCMs absorb
a large amount of heat when their phase changes (usually melt-

ing), thus acting as thermal buffers. Incorporating PCM around
cells is a promising strategy to prevent TRP due to the PCM’s en-
dothermic phase change, which draws in heat. Ma et al.64 inves-
tigated the TRP behaviors of a composite PCM (CPCM) inside a
battery pack and identified critical PCM thermophysical property
thresholds for halting propagation. In their model, they marked
a boundary between a zone where TR propagates and another
zone where TR inhibits. Beyond the inhibition sketch, direct mod-
ule experiments demonstrate the same trend: flame-retardant or
high-conductivity CPCMs reduce neighbor-cell peak temperatures
and delay or prevent ignition, provided that their latent capacity
is not overly diluted by fillers65,66. Those studies have provided
solid proofs that the heat absorption of the heat transfer medium,
CPCM in their cases, could dramatically alter the TR or TRP be-
haviors.

Geometry and coverage of the absorbing medium around cells
could be one of the factors that influence the thermophysical be-
havior of the PCM. In a parametric module study, Luo et al.66 re-
ported a critical PCM layer thickness above which propagation is
arrested; notably, the critical thickness varied non-monotonically
with cell thickness, highlighting that the required heat-sink layer
depends on both module geometry and PCM transport proper-
ties. Menz et al.67 found that thin, strategically placed endother-
mic barriers between cells can fully block cell-to-cell transfer at a
much lower mass cost. Model–test optimization of such inter-cell,
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heat-absorbing barriers provided a practical route to meet safety
targets without sacrificing energy density.

The thermophysical properties of the PCM also have a large in-
fluence. For example, the thermal conductivity controls how fast
the heat can be transferred through the medium. For CPCM, con-
ductive scaffolds, such as expanded graphite (EG), spread heat
from the trigger cell into larger PCM volumes quickly, increasing
early-time absorption. However, if conductivity is raised with-
out maintaining adequate latent capacity, lateral conduction can
also expedite heat delivery to neighbors. Pack-scale modeling and
tests have observed this trade-off. Conductivity enhancements
shorten the preheating period of adjacent cells unless balanced by
sufficient latent enthalpy and/or spatial decoupling66. Filler frac-
tion and processing also set anisotropy. Compression-aligned EG
networks yield different thermal conductivity in different direc-
tions, so orienting the high thermal conductivity direction along
outbound heat-flow paths improves buffering where it matters
most68. In CPCM based on paraffin/EG, Talele et al.69 explored
the delay effect of TR occurrence point caused by the percentage
of added EG in a paraffin/EG CPCM. They discovered that when
EG was at 30% with a thermal conductivity of 13.8 W/(m·K), the
maximum possible delay was achieved at LiFePO4 cathode. Be-
sides thermal conductivity, other thermophysical properties, in-
cluding melting temperature, melting range, and composition,
also steer the TRP behaviors. Using a hydrated-salt PCM, Zhi
et al.70 discovered that it had good thermophysical properties for
the battery pack thermal management system, and could signif-
icantly relieve the TRP. In contrast, some other CPCMs, such as
paraffinic ones with poorly matched melting temperature or in-
sufficient flame retardancy, can delay venting but, once ignited,
intensify flame spread. Several attempts were therefore made by
combining absorbing media with flame-retardant chemistries or
hybrid structures to secure both endothermy and fire tolerance.
Chen et al.65 synthesized a retardant CPCM by including intu-
mescent flame retardant into the PCM, and this CPCM could effi-
ciently decrease the risk of TRP and prolong the propagation time.
Li et al.71 proposed a thermal barrier containing nano-ceramic
fiber, PCM and mica cross skeleton, which largely blocked or post-
poned the TRP within a NCM battery module. Wang et al.72 in-
vestigated a flame-retardant MXene-based CPCM containing var-
ious components including ammonium polyphosphate and Zinc
hydroxy stannate as flame retardant. Those components enabled
a V0 flame-retardant rating and a noticeable cooling effect on the
battery temperature.

Finally, except for the aforementioned internal properties of
CPCM, external factors such as interfacial and contact effects also
determine how much thermal heat actually enters the medium
during TR or TRP. In controlled single-cell abuse experiments con-
ducted by Chen et al.73, aerogel, thermally conductive gel, and
PCM wrapped around a battery cell effectively suppressed the rate
of temperature rise within the battery, thus delaying safety-valve
rupture and postponing TR onset. At the module level, Xiao
et al.74 combined CPCM with liquid-cooling plates and discov-
ered that increasing coolant flow rate primarily delayed the TRP
on both sides of the cooling plate. They also concluded that the
thermal conductivity reduction of CPCM can significantly delay

TRP since the heat produced in each cell was concentrated on the
edge of the battery and was hard to transfer through CPCM and
the cooling plate.

In summary, the existing studies have formed a clear explo-
ration of the mechanisms of TR and its propagation in a battery
pack. These mechanisms serve as a strong theoretical base for the
application-level implementations of the following modeling and
suppression works, which further facilitate the design optimiza-
tions, as will be demonstrated later in the paper.

3 Modeling and Simulation Techniques
Understanding and controlling TRP in LIB packs is not easy. The
high cost and the safety concerns behind it always hinder free-
wheeling TRP experiments, which destroy the tested battery cells
on every implementation and require highly reliable equipment
and skilled operators to avoid severe safety hazards. Therefore,
as a much more convenient substitute plan, modeling methods
are now relied on to the utmost extent. In recent years, models
in this field have evolved from lumped, single-cell level to multi-
physics, pack-level that resolve heat and mass transport, gas vent-
ing, and structural interactions, accelerated by in-operando diag-
nostics and richer benchmark datasets75,76.

This section organizes the modeling methods into three differ-
ent modeling methods. First, reduced-order TRP models, a set
of models often developed for simplicity and quick evaluation at
the cost of pack details; second, 3D detailed and multiphysics
models, established with the help of computational fluid dynam-
ics (CFD)/finite element (FE) frameworks that couple different
physics including TR reaction kinetics, ejecta, and cell-to-cell heat
transfer; and finally, surrogate models and data-driven methods,
enabling rapid hazard screening and online prognosis.

Before discussing specific model classes, it is useful to clarify
that most TRP thermal models rely on two groups of assumptions,
namely assumptions for internal heat generation and assump-
tions for boundary conditions. For heat generation, reduced-
order models usually lump the thermal runaway reactions into
a small number of equivalent source terms, often represented
by Arrhenius-type kinetics or by experimentally calibrated heat-
release functions. In some cases, the heat released by internal
short circuit is further added through a simplified event-gated or
state-dependent term. By contrast, detailed 3D models usually
distribute the heat source in space, but they still often simplify the
underlying chemistry by prescribing equivalent runaway kinetics
or a fitted heat-source profile once thermal runaway is triggered,
rather than resolving every electrochemical process during nor-
mal charge and discharge. Therefore, the predicted temperature
rise and propagation timing are strongly affected by how the on-
set temperature, total heat release, and release rate are defined.

Boundary conditions are equally important because they de-
termine how much of the generated heat remains inside the cell
or is transferred to neighboring cells and the surroundings. At
the single-cell level, adiabatic boundary conditions are often used
to identify the intrinsic heat-release behavior, which is why the
heat-loss term can be set to zero in some calibration models. At
the module or pack level, however, the boundaries are generally
non-adiabatic and are represented through thermal contact re-
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sistances between cells and structural parts, convective heat ex-
change with air or coolant, radiative exchange with surround-
ing surfaces, and, when applicable, heat absorption by a medium
such as phase change material. In CFD-based models, these as-
sumptions may be further specified through inlet/outlet, veloc-
ity or pressure, and ambient-temperature settings. As a result,
even for the same cell chemistry, different heat-source formula-
tions or boundary-condition definitions may lead to different pre-
dictions of peak temperature, trigger time, and dominant propa-
gation pathway.

3.1 Reduced-Order TRP Models

Reduced-order TRP models are a set of lumped modeling methods
that contain different physics and empirical information to enable
rapid modeling of TRP. Among lumped modeling methods, ther-
mal resistance network models (TRNMs) are a kind of lumped-
parameter framework where each cell is treated as a node with
defined mass, heat capacity, and a heat source connected by spe-
cific thermal resistances. Nodes are interconnected by thermal re-
sistances that mimic heat conduction paths between cells or mod-
ules, and energy balance equations govern heat flow through the
network77. The chief advantage of such reduced-order models
is computational efficiency. They can rapidly evaluate pack-level
safety under many scenarios, which is valuable for design opti-
mization or safety analysis. A reduced-order TRP model could run
an order of magnitude faster than a full 3D simulation when pre-
dicting propagation in a battery module78. For example, Smith
et al.79 proposed a lumped thermal network model as early as
2010 to calculate the heat flow within a pack configuration. Feng
et al.80 developed a TRP model that indicated proper pack design
parameters to help postpone or even prevent the propagation. Jia
et al.40 combined a 0D cell TR model with electrical and thermal
network elements to simulate propagation in an 18650-cell pack.
Jiang et al.81 established a TRNM based on the heat transfer char-
acteristics of the battery pack, with discussions of the TR preven-
tion effect of PCM, exhibiting high computational efficiency and
accuracy in modeling and predicting TR propagation. He et al.82

built a highly accurate reduced-order model for the TRP by re-
distributing heat source terms and correcting TR trigger criteria.
They also considered the heat dissipation through the liquid cool-
ing plates.

When establishing the model, some of the studies started from
the heat generation of a single cell80,81, while some others started
from considering the heat flow in each single node82. For the
former type, the governing equation of the physics in a single
node i with mass Mi and specific heat Cp,i can be considered as80:

MiCp,i
dTi

dt
= Qr,i(t,Ti,ci)+Qe,i(t,Ti)−Qh,i(t,T), (15)

where for node i, Ti is the time-variant temperature; Qr is the
chemical heat release; Qe is the electrical heat produced by inter-
nal short circuit (ISC); Qh is the heat transfer/dissipation power
into the environment, which can be set to 0 because of the adi-
abatic single-cell test. It should be emphasized that Eq. (15) is
based on a lumped-capacitance assumption, i.e., each node is

assigned a spatially averaged temperature and the internal heat
source is represented by equivalent reaction and ISC terms. Ac-
cordingly, the surrounding environment is not resolved locally,
but is condensed into a heat-loss term or equivalent thermal re-
sistances to the ambient, neighboring cells, and auxiliary compo-
nents. This simplification is the key reason why reduced-order
models are computationally efficient, but it also limits their abil-
ity to capture strong local hot spots and non-uniform boundary
effects.

The chemical heat release Qr of each node can be modeled
through multiple lumped reactions by Arrhenius law, similar to
Eqs. (1)–(6) as described in Section 2.1. The electrical heat Qe

was represented as an event-gated form as T > TT R in which TT R

is the triggering temperature of TR in Ref.80:

Qe(t) =
1
∆t

(
∆He −

∫ t

0
Qe(τ)dτ

)
, T ≥ TTR, (16)

where ∆He is the total electrical energy released to heat the bat-
tery during ISC.

While in Ref.81, this ISC electrical heat can also be associated
with changing SOC considering the venting effect:

Qe(t) =−(1−η − γ)Hec
d(SOC)

dt
, Hec =C ·V ·3600, (17)

where η denotes the energy leaving during the venting process,
and γ is a factor denoting the heat release induced by nail pen-
etration. Hec is the total energy of the electrochemical reaction,
and it corresponds to the maximum amount of electrical energy
stored in the battery, which is calculated through battery capacity
C and battery voltage V . The time-dependent drop of SOC can
be modeled by an Arrhenius term in Eq. (18), in which Aec is the
frequency factor and Eec is the activation energy for the electro-
chemical reaction:

dSOC
dt

=−Aec(1− xc)xa exp
(
−Eec

kbT

)
(18)

After the heat release model of a single cell is established, the
next step is to couple all the nodes into a network model. In the
thermal network construction, each single cell becomes a node.
In some of the models, heat leaves a node via 6 paths from the 6
sides of a prismatic battery cell to its neighbors or to the ambient,
or it categorizes nodes by location and writes an energy balance
for each type80,81. Along a path, total resistance is the sum of
conduction, contact, and external heat-loss resistances, which are
represented using Rz (Table 9, Feng et al.80), or conductive, con-
tact, convective, and radiative resistance (Table 3, Jiang et al.81).

A threshold-based triggering criterion could be adopted to de-
termine whether the neighboring cells go TR. Because side heat-
ing raises the edge temperature first, the TR event is triggered
when a front-edge estimate T̂ f

i , which can be calculated through
Eq. (19), reaches TT R

80:

T̂ f
i = T f

i +
R jr,12

R f
1,i

(
T b

i−1 −T f
i

)
. (19)

Here, the subscript i in Eq. (19) denotes the i-th battery in the
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pack, while the superscripts f and b denote the front and back
cell of that battery, respectively. Therefore, T f

i and T b
i represent

the temperatures of the front and back cell in the i-th battery.
This notation follows the two-cell representation of one battery
adopted in Feng et al.’s study80. Note that this index definition is
different from that in Eq. (20), where the subscript i denotes the
node index in the thermal network. To avoid confusion, Eq. (19)
describes the cell temperatures within the i-th battery, whereas
Eq. (20) describes the energy balance of node i in the reduced-
order model.

In contrast, Ref.82 considered the overall heat flow of a cell
from the beginning. They use the heat balance equation:

MiCp,bat
dT
dt

= Q̇source,i +∑ Q̇k−i, (20)

where Mi and Cp,bat represent the mass and specific heat of the
battery (node i), and Qsource,i represents the self-heating power.
Different from Eq. (15), ∑ Q̇k−i represents the sum of all heat
flow into and out of node i, in which the heat flow from node j
to i is defined as Q̇ j−i =

Tj−Ti
R ji

related to the thermal resistance R ji

between node j and i.
Apart from rapid modeling for the TRP inside a pack with a

specific design, another significance of the TRNM methods is that
they reveal several design insights for propagation prevention or
mitigation, including: 1) raising the separator collapse temper-
ature TT R; 2) reducing electrical heat release ∆He; 3) increasing
external heat dissipation hdis; 4) adding thermal barriers between
cells80. Also, coolants such as PCM modules were demonstrated
to delay or block TRP by absorbing latent heat81.

TRNMs couple thermal resistance during TRP, facilitating the
considerations of thermal barriers among the battery cells. It can
be observed and deduced from the modeling process and the cou-
pling inside a thermal network that TRNMs are the most effec-
tive for prismatic battery cells because of their regular box-like
shape, which makes it straightforward to define clear conduction
paths between adjacent cells, cells and accessories (such as cool-
ing plates), etc. Compared to cylindrical battery cells with a radi-
ally symmetric way and varying thickness of pouch battery cells,
prismatic cells are easier to establish a resistance network struc-
ture. Therefore, TRNMs are not always easy to build for all TRP
modeling cases.

There are some other types of reduced-order models developed
in some of the existing studies. For example, despite the fact
that a lot of models were made for prismatic batteries because of
their regular shape, Zeng et al.83 developed a model for 18650
battery cells, considering the specific cylindrical geometry of a
single battery cell and the battery pack. They defined the TRP
energy balance equation by splitting the solid and gaseous parts,
considering the internal heat generation of a battery cell, heat
transfer to other battery cells, heat loss, and vented gas. To couple
the thermal transfer between two battery cells, the geometry and
stacking of the cylindrical battery pack present challenges that
must take into account factors such as the angles of the stacking.
Li et al.84 developed their method based on the reduced-order
model derived from finite element (FE) analysis. The model they
built was based on the Arnoldi method in the Krylov subspace,

saving computational resources while obtaining the temperature
at specified points.

Despite their merits in rapid prediction and computational re-
source savings, there are, of course, some strong assumptions
underlying the establishment of such reduced-order TRP models.
For example, many studies assumed a spatially uniform temper-
ature within each node, which means that they lack spatial de-
tails and do not capture localized temperature gradients or the
complex geometry effects within a module77. For instance, the
battery cell surface can be unevenly heated during propagation,
while TRNMs are not able to capture this property. Moreover,
defining effective thermal resistance values for irregular pack lay-
outs or cooling components can be challenging.

Table. 1 lists some of the reduced-order models established for
TRP as mentioned before. A lot of models were built for pris-
matic packs because of their regular shapes, as pack geometry
and cell shape could largely influence the establishment of the
model. Therefore, more suitable models for some other battery
types, such as cylindrical and pouch cells, are needed for more
adaptability of the method of reduced-order model.

Fig. 4 compares three representative reduced-order modeling
routes for TRP. The thermal resistance network model in Fig. 4(a)
idealizes the battery pack as a set of lumped thermal nodes con-
nected by equivalent resistances, enabling rapid evaluation of
inter-cell heat transfer and pack-level propagation trends80. The
direct heat-transfer model in Fig. 4(b) retains a more explicit de-
scription of the dominant heat-transfer pathways between neigh-
boring cells, such as radiation, effective conduction/convection,
and ejecta-related heating, thereby providing a more physics-
informed representation of propagation while still keeping the
computational cost relatively low83. Different from these purely
lumped formulations, the reduced-order framework in Fig. 4(c)
starts from a higher-fidelity FEM heat-transfer problem and then
applies state-space reduction to preserve part of the spatial tem-
perature information with substantially improved efficiency84.
Together, these methods illustrate the main trade-off of reduced-
order TRP modeling, namely, simplicity and speed versus physical
and spatial fidelity.

In short, reduced-order models trade away granular details for
simplicity and fastness. They are best suited for high-level risk
assessments and parametric studies under specific cases, but to
investigate the fine-scale thermal behaviors during propagation
and develop a more universally adopted method, more detailed
approaches are needed.

From a practice-oriented perspective, reduced-order models
are often sufficient when the main objective is to compare pack
concepts, screen a large design space, or estimate pack-level in-
dicators such as propagation time, peak temperature, and the se-
quence of neighboring-cell failure. In these cases, the designer
is usually more concerned with the relative ranking of layouts,
spacings, cooling strategies, or barrier configurations than with
resolving every local temperature gradient or reaction pathway in
detail. Because such models rely on a smaller set of effective pa-
rameters and can often be calibrated directly from module-level
or pack-level tests, they are especially attractive for early-stage
engineering design, optimization, and uncertainty quantification,

Journal Name, [year], [vol.],1–33 | 9

Page 9 of 34 Energy Advances

E
ne

rg
y

A
dv

an
ce

s
A

cc
ep

te
d

M
an

us
cr

ip
t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

6 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 5

/8
/2

02
6 

5:
08

:2
5 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

DOI: 10.1039/D5YA00351B

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ya00351b


Table 1 Comparison of reduced-order models for TRP

Reference Governing equations Inter-cell coupling Battery type

Feng et al. 80 MCp
dT
dt

= Qr +Qe −Qh Thermal resistance network Prismatic packs

Jiang et al. 81 MCp
dT
dt

= Qr +Qe −Qh Thermal resistance network. Prismatic packs

He et al. 82 MiCp,bat
dT
dt = Q̇source,i +∑ Q̇k−i Thermal resistance network. Prismatic packs

Zeng et al. 83
∑m,g m · cp

dT
dt = Q̇IHG+∑ Q̇trans+∑ Q̇v−ṁvhv−

Q̇l

Direct heat transfer Cylindrical packs

Li et al. 84
∑i=x,y,z

∂

∂ i

(
λi

∂T
∂ i

)
+q = ρCp

∂T
∂ t Interpolation in FE analysis Prismatic packs

where many repeated evaluations are required. In other words,
when the decision of interest is at the pack level and the dom-
inant need is speed, robustness, and trend identification rather
than local mechanistic resolution, simpler lumped or reduced-
order models are often the more appropriate choice.

3.2 3D Detailed and Multiphysics Models

Compared to reduced-order modeling, a more popular TRP mod-
eling solution is 3D detailed modeling through various multi-
physics computational software. Although they are more time-
consuming than the reduced-order models, more modeling de-
tail is the main merit. Still, they are much easier to implement
compared to a real-world TRP experiment. Detailed 3D thermal
models simulate heat transfer and temperature fields in the bat-
tery pack with much higher resolution. To understand and mit-
igate TRP, researchers have developed 3D detailed multiphysics
models that simulate TR propagation with high fidelity, capturing
thermal, chemical, electrical, and sometimes fluid-dynamic phe-
nomena. Unlike simplified reduced-order models, these detailed
models resolve spatial temperature gradients, reaction kinetics,
vent gas flows, etc., in three dimensions.

These models are typically built on the energy conservation
equations applied to each cell and its surroundings, often using
finite-element or finite-volume methods to resolve the geometry
of the module46. In 3D propagation simulations, each cell that
undergoes runaway is represented as a distributed heat source,
while heat conduction, convection, and radiation are modeled
through the module structure. Although 3D models resolve spa-
tial temperature gradients, they still require simplified boundary
conditions at the pack boundaries and interfaces. In practice,
these are commonly prescribed as convection and radiation to
the ambient on exposed surfaces, thermal-contact conditions be-
tween cells and structural parts, and inlet/outlet conditions for
coolant or vent-gas domains when fluid flow is included. There-
fore, the higher fidelity of 3D models mainly comes from resolv-
ing the geometry and local temperature field, rather than from
eliminating modeling assumptions altogether.

Foundational studies date back to 2007, Spotnitz et al.85 devel-
oped models to predict abuse tolerance of Li-ion cells and packs.
Around the same time, Kim et al.42 introduced a 3D thermal
abuse model for individual lithium-ion cells, coupling electrical,

thermal, and electrochemical aspects within a cell. More recent
efforts include the study developed by Feng et al.46, who pro-
posed a 3D TR propagation model for a large-format cell module,
simplifying the internal chemistry with empirical kinetics. Key
findings of this model include the identification of strategies to
suppress propagation, such as increasing the cell’s TR trigger tem-
perature, improving heat dissipation, adding thermal insulation
between cells, etc. Larsson et al.86 modeled TRP and demon-
strated that including physical barriers could markedly slow or
prevent propagation, elaborating on how pack geometry and ther-
mal barriers are critical factors. Similarly, Chen et al.87 modeled
the influence of a flame-retardant polypropylene thermal barrier
layer on the TRP behaviors based on their experiments. Their sim-
ulation showed that the thermal barrier significantly suppressed
heat transfer through radiation and flaming convection during the
intensive ejection stages. Coman et al.41 conducted experiments
and developed the corresponding simulation based on COMSOL
Multiphysics v5.2 for TRP triggered by a self-designed internal
heating device. That study confirmed the importance of heat con-
duction in the propagation process and created a controlled initi-
ation of TRP testing. TRP experiments are often used to instruct
and calibrate the simulation models. Xiong et al.88 established a
TRP simulation model based on their experiment, where they re-
ceived data on temperature, voltage, gas, and pressure changes.
They also brought several pack design suggestions based on their
experiment and model, for example, strong structural integrity
and proper ventilation.

As models grew more sophisticated, researchers examined the
dominant heat-transfer pathways during propagation. Lamb
et al.89 experimentally observed propagation in 10-cell cylindri-
cal and pouch modules and found that heat conduction through
the module connecting posts was the primary propagation path-
way. This finding was further reflected in later modeling stud-
ies. Tang et al.90 developed a 3D CFD-based thermal runaway
propagation model for a cylindrical 18650 module, in which the
cell heat source was represented using a thermal-abuse reaction
framework together with an electrically connected cell model.
It should be noted that, although Ref.90 referred to this frame-
work as an electrochemical-thermal coupling model, the heat-
generation submodel mainly describes exothermic side reactions
during thermal runaway, such as SEI decomposition, electrode-
electrolyte reactions, binder decomposition, and electrolyte de-
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(a) Thermal resistance network (b) Heat transfer model

(c) Interpolation in FEM

Fig. 4 Frameworks of different types of existing reduced-order models from different studies, (a) Thermal resistance network model (reproduced from
Ref. 80 with permission from Elsevier, copyright 2026), (b) Direct heat transfer model (reproduced from Ref. 83 with permission from Elsevier, copyright
2026), (c) Reduced-order model used for interpolations in FEM (reproduced from Ref. 84 with CC-BY license).

composition, rather than the electrochemical reactions governing
normal charging and discharging. Using this framework, they
quantified the relative contributions of different heat-transfer
modes and showed that, for cells directly adjacent to the failing
cell, conductive heat transfer through solid contacts dominates,
whereas for cells farther from the failing cell, thermal radiation
becomes the main heat-exchange mode. This indicates that pack
layout and connection design can significantly alter propagation
behavior. Jin et al.91 built the TRP simulation model based on the
calibration of the propagation tests. They analyzed the heat flow
of some of the heat transfer interfaces and identified the transfer
mechanisms of TR as the accumulation of heat energy, pointing
out that the key to delaying or inhibiting TRP is reducing the heat
flux power of the triggered battery to unburned.

Many propagation simulations assume a cell is already in TR
and do not model normal battery operation for a focus on the
propagation process itself, while some multiphysics models con-
nect the propagation with the abuse conditions. For the TR of
a single cell, Domalanta et al.92 presented one such model for
a lithium polymer cell. They included multiple reaction steps
within COMSOL Multiphysics and validated against experiments,
revealing that the cathode–electrolyte reaction contributed the
highest heat generation. For the propagation in a whole battery
pack, Qi et al.93 explored the TRP model under overcharge and
analyzed the influences of current, convection coefficient, and
gap between batteries. They also discovered that when the gap
exceeded a certain value, the clamp between batteries became a

vital heat conduction factor for the TRP occurrence. Such mod-
els simulate a battery’s normal behaviors, failure triggering, and
propagation within one framework. Lyu et al.94 investigated the
TR and TRP behaviors of a pouch cell pack related to tab over-
heating. They used an electro-thermal model to calculate the heat
generation at the normal charge-discharge stage, coupling with
a lumped TR and propagation model. They found that several
different factors, such as charging C-rate, insulator, and tab con-
nection model, would influence the TRP behaviors. Wang et al.95

discussed the TRP of fast-charging NMC batteries. Their results
showed that increasing the triggering temperature, battery spac-
ing, and decreasing the charging C-rate could effectively reduce
the TRP risk.

There are also some researchers starting to incorporate the vent
gas and flame propagation phenomena that occur when a battery
cell vents hot gases or ignites for more realistic modeling. For
the TR of a single battery cell, Kong et al.96 developed a coupled
conjugate heat transfer and CFD model to capture the venting
process and jet-fire behavior of a 18650 cell undergoing TR. They
concluded that the gas ejecta might cause an abrupt temperature
rise of the air above the cell when the venting valve opens, and a
higher SOC tended to have a higher maximum flame temperature
and shorter onset time, indicating how the vent gas and flame
might affect propagation. On the pack side, Yao et al.97 explored
TR, gas release, and propagation under different SOC levels of
cylindrical 18650 packs through testing and a multiphysics cou-
pled model. They exhibited how the gas ejecta and flames heat
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the surrounding areas and ignite the nearby cells, providing a de-
tailed picture of flame-driven propagation. Mishra et al.98 built a
TRP simulation model accounting for multiple coupled non-linear
phenomena, including vent gas flow and combustion. Their re-
sults exhibited the critical importance of these factors in heat
transfer during TRP. The 3D TRP simulation model developed by
Takagishi et al.99, containing 98 battery cells heated by a burner,
evaluated multiple steps during TRP including gas ejection. They
discovered that the gas velocity field dominated the velocity field
in their battery pack chamber, affecting the temperature distribu-
tion and the TRP processes. Weber et al.100 proposed a simula-
tion framework incorporating vented gas and the related thermal
transport changes produced by pouch cells under TR. The simu-
lation was validated by two battery cell propagation experiments
in an autoclave. Their results showed that when the pressure was
increased, the propagation became faster accordingly.

Parametric analysis is one of the most important tasks in such
modeling studies. By investigating the influences of each model
parameter on the modeling results, researchers can make design
suggestions for the pack accordingly, aiming to mitigate TRP. In
the model Wang et al.101 built, several thermophysical parame-
ters were investigated during TRP, such as self-heating and trig-
gering temperature, mass loss, etc. Their results indicated that
some of these parameters played a crucial role in TRP, and ma-
nipulating these might effectively delay it. Xia et al.102 conducted
a safety risk assessment study for TR and TRP with a multiphysics
model. They utilized a probabilistic model and calculated the
safety risk of the TR and TRP under different parameters, such
as ISC triggering temperature, internal resistance, and inconsis-
tency among the pack, etc. Zhang et al.103 explored the influence
of parameters related to the dynamic heat conductivity and heat
convection coefficient on the TRP characteristics and prevention
effectiveness. Their parametric study found the boundary formed
by these two parameters for the TRP inhibition.

Table 2 concludes the features of each type of 3D high-fidelity
simulation, including high-fidelity 3D models, thermal-fluid mod-
els, and electrochemical multiphysics models. Since these model-
ing approaches only require computational resources to run and
can also provide major details inside the TRP process, which re-
searchers want to capture, a common way of conducting such
simulations is to use small-scale TRP experimental tests to cali-
brate or validate the simulation model. This way, the higher costs
from large-scale destructive battery tests are saved and the mod-
eling accuracies are kept.

Fig. 5 summarizes representative frameworks of 3D detailed
and multiphysics models for TRP. The high-fidelity thermal mod-
els in Fig. 5(a1) explicitly resolve the three-dimensional geome-
try of the battery module and directly calculate conductive, con-
vective, and radiative heat transfer, thereby capturing local hot
spots and the spatiotemporal evolution of cell-to-cell propaga-
tion46. Building upon this basis, the coupled model with ther-
mal barriers in Fig. 5(a2) further incorporates protective compo-
nents such as inter-cell barriers and enclosure structures, making
it possible to evaluate how material design and pack architec-
ture modify heat-transfer pathways and suppress propagation87.
In Fig. 5(b), the thermal–fluid model extends the formulation

(a) High-fidelity Thermal Model

(a1) 3D Thermal Model

(a2) Model Coupled with Thermal Barriers

(b) Thermal-Fluid Model (vent gas & flame)

(c) Electrochemical Model

Fig. 5 Frameworks of different 3D detailed modeling studies, (a) High-
fidelity thermal model: (a1) 3D Thermal model (reproduced from Ref. 46

with permission from Elsevier, copyright 2026), (a2) Model coupled with
other systems such as thermal barriers (reproduced from Ref. 87 with
permission from Elsevier, copyright 2026); (b) Thermal-fluid model (de-
veloped for the vent gas and flame) (reproduced from Ref. 96 with permis-
sion from Elsevier, copyright 2026); (c) Equivalent-circuit-based electro-
thermal model. (reproduced from Ref. 102 with permission from Elsevier,
copyright 2026).

by accounting for vent gas flow, jetting, and flame evolution,
which is particularly important when ejecta-induced convection
and combustion impose substantial thermal loads on neighboring
cells96. For Fig. 5(c) it should be noted that the model in Xia
et al.’s study102 is not a full physics-based electrochemical model
at the electrode/material level; rather, it is an equivalent-circuit-
based electro-thermal coupling framework further combined with
thermal-abuse and fluid-dynamics submodels. Such a treatment
enables the analysis of electrical inconsistency, ISC-related heat-
ing, and pack-level heat transfer during TR and TRP, while avoid-
ing the substantially higher complexity and computational cost of
fully physics-based electrochemical models, which are still rarely
adopted in TRP modeling102.

Crucially, 3D simulations can evaluate how design modifica-
tions impact propagation in ways that lumped models cannot.
The insights, derived from the 3D modeling and confirmed by
experiments in some cases, directly inform safer pack design by
highlighting which engineering changes most strongly influence
propagation outcomes. Furthermore, unlike the nodal models,
full 3D simulations capture the uneven heating and multidirec-
tional heat transfer in a module, which is essential for assessing
protective components (walls, vents, cooling plates, etc.) on a
local scale.
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Table 2 Summary of high-fidelity multiphysics models

Modeling Approach Coupled Physics Fidelity Primary Purposes

High-fidelity 3D
thermal models (FEM)

Full 3D conduction in
modules with detailed
geometry including tabs or
cooling plates, boundary
radiation included.

Heat transfer throughout
the battery pack. • Resolve heat pathways, hot spots, and timing of

cell-to-cell propagation.
• Validate reduced-order models.
• Evaluate spacing, pack configurations, and

cooling.
• Identify critical components for sensing or

barriers.

Thermal–fluid
(thermal + CFD)

Solid conduction with CFD
for vent gas flow, also
convective heat transfer.
Possible combustion,
radiation, or existing
turbulence.

Fluid and gas flow for
simulating the ejecta,
venting gas, and flame.

• Study cascade failure involving gas flow, flame
spread, pressure rise.

• Optimize vent routing and exhaust/deflectors.
• Supports vent port placement and suppressant

strategies.

Electrochemical
multiphysics (electro–
thermal–mechanical)

Reaction kinetics and
structural deformation,
including short-circuit,
electrical coupling, and
structural rupture.

Integrates
electrochemistry and
mechanical deformation,
with inter-cell reactions
and mechanical stresses
and short-circuit.

• Trigger analysis under abuse crash.
• Predict when deformation leads to TR and

propagation.
• Informs casing strength, restraint, electrical

disconnects.

Nevertheless, the added fidelity of detailed electrochemical-
thermal or multiphysics models is most justified when local mech-
anisms directly determine the engineering conclusion. Typical ex-
amples include resolving severe spatial non-uniformity, analyzing
abuse-trigger pathways such as overcharge, internal short circuit,
or mechanical deformation, evaluating vent-gas/flame impinge-
ment and local heat-transfer routes, or assessing the effectiveness
of tabs, cooling plates, enclosures, vents, and thermal barriers
at the component level. In such scenarios, simplified lumped
descriptions may miss the dominant failure mechanism. At the
same time, it should be recognized that these models are notori-
ously difficult to calibrate, since they may involve many coupled
material, kinetic, and transport parameters, often on the order
of several tens, whose identifiability is limited by the availability
of abuse-test data. Therefore, for practical TRP studies, high-
fidelity electrochemical-thermal models are most valuable when
the additional local physics is expected to change the design con-
clusion, whereas equivalent-circuit-based or simplified thermal-
abuse models are often more pragmatic for routine pack-level
analyses.

3.3 Surrogate Models and Data-driven Methods

Although reduced-order models and multiphysics simulations
provide high-fidelity insights into TRP phenomena, their pro-
hibitive computational cost hinders real-time applications, such
as fault diagnosis, and repeated evaluations required in design
optimization and uncertainty quantification. As an efficient al-
ternative, surrogate modeling and data-driven methods approx-
imate the complex parameter-response relationships from high-
fidelity simulations or experiments, thereby reducing inference
time within seconds and supporting timely decision-making for
TRP management.

Traditional machine learning (ML) methods, such as decision

tree, k-nearest neighbor (kNN), support vector machine (SVM),
and random forest (RF), have been widely applied as surro-
gate models to capture battery TRP patterns for risk classifica-
tion and fault localization. Jia et al.104 established a multi-
physics electrochemo-mechanical model to investigate TR in a
single pouch cell triggered by internal short circuits. Approxi-
mately 300000 simulated electrical and thermal data across vary-
ing SOCs and C-rates were used to train decision tree and SVM
classifiers, achieving rapid four-level risk identification within
minutes and F1 scores greater than 0.93. Daniels et al.105 de-
veloped an RF framework for TR localization in cylindrical bat-
tery packs. Validated CFD simulations generated temperature
fields and guided optimal thermocouple placement by identifying
high-sensitivity regions. The model successfully learned nonlin-
ear mappings between sensor readings and fault location, offering
an accurate and efficient surrogate for early TR detection. To fur-
ther strengthen robustness, the same group advanced this work
by introducing a stacked ensemble model that leveraged diverse
advantages from kNN, RF, and extreme gradient boosting (XG-
Boost)106. Extending beyond purely data-driven methods, Chen
et al.107 integrated ML with physics-based modeling within a hy-
brid TR warning framework: the unsupervised K-means cluster-
ing with dynamic time warping distance captured abnormal data
patterns, whilst the Bernardi thermal model estimated internal
heating dynamics. An SVM-based fusion strategy combined both
outputs, achieving 25 minutes of advance warning with fewer
false alarms, thereby improving early TR detection in terms of
both reliability and lead time.

Design optimization is another critical aspect of battery TRP re-
search, where repeated performance evaluations are required to
search for optimal solutions. To alleviate prohibitive cost of high-
fidelity simulations, surrogate models are trained on simulation
or experimental datasets to approximate global system responses,
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facilitating rapid inference and efficient multi-objective optimiza-
tion. Li et al.108 built a response surface surrogate model trained
on electrochemical-thermal TRP simulation dataset. This frame-
work, coupled with multi-objective particle swarm optimization
algorithm, improved hybrid battery thermal management sys-
tem (BTMS) performance by reducing maximum temperature by
4.37% and pump energy consumption by 75%. However, re-
sponse surface models are restricted by their polynomial form and
struggle to capture complex nonlinearities in high-dimensional
design spaces. To overcome this limitation, an adaptive Krig-
ing surrogate with truncated high-dimensional model expansion
was proposed, retaining only first- and second-order interactions
to efficiently capture nonlinear effects with reduced complex-
ity 109,110. The Kriging surrogate reduced each evaluation from
several hours of CFD to only seconds, expediting design opti-
mization of CPCM configuration and cooling/insulation layouts
for TRP suppression in prismatic and cylindrical modules.

Beyond accelerating design optimization, surrogate models are
also valuable for uncertainty quantification (UQ) in TRP thermal
modeling. In practice, TRP predictions are sensitive not only
to nominal model inputs, but also to their uncertainty. Typical
uncertain parameters include thermal conductivity, heat trans-
fer coefficients, thermal contact resistance, triggering tempera-
ture, SOC, PCM thermophysical properties, inter-cell spacing, and
boundary-condition-related quantities. Variations in these inputs
may arise from manufacturing inconsistency, cell-to-cell variabil-
ity, operational fluctuations, and modeling assumptions. Once
propagated through a thermal model, such uncertainties can af-
fect not only the predicted peak temperature and TR onset time,
but also the propagation interval, the sequence of neighboring-
cell failure, and the final extent of propagation. Therefore, sur-
rogate models that can efficiently emulate high-fidelity thermal
simulations are particularly suitable for repeated stochastic sam-
pling, uncertainty propagation, and global sensitivity analysis.

Gaussian-process-based surrogates are especially attractive in
this context because they provide not only fast predictions, but
also probabilistic estimates with quantified variance111,112. Ex-
isting studies have shown that combining such surrogates with
sensitivity analysis can identify which uncertain inputs dominate
different TR metrics. For example, Yeardley et al.113 employed
a Gaussian-process model to compute time-dependent Sobol in-
dices for TR abuse and showed that emissivity and thermal con-
ductivity can strongly influence the onset and peak-temperature
responses. Zhang et al.114 further integrated adaptive Krig-
ing into TRP uncertainty quantification by propagating stochastic
variations in SOC, PCM thermal conductivity, and inter-cell spac-
ing to propagation outcomes. Their results indicated that the un-
certainty of TRP becomes most pronounced at intermediate SOC,
especially around 40%–50%, and that once propagation proceeds
from the first cell to the second one, the probability of subsequent
cascading failure increases sharply. These findings show that UQ
is useful not only for estimating uncertainty bands in temperature
prediction, but also for quantifying escalation risk under uncer-
tain conditions.

More broadly, uncertainty-aware data-driven surrogates fur-
ther extend this idea to online prognosis. Ouyang et al.115 de-

veloped a predictor that combines fuzzy inference with a multi-
task CNN-LSTM architecture to account for variations in SOC,
charging/discharging conditions, and trigger locations. Such ef-
forts suggest that future surrogate-assisted TRP thermal model-
ing should move beyond a single deterministic prediction and in-
stead provide robust prediction intervals, probabilistic risk mea-
sures, and safety margins under cell-to-cell variability and uncer-
tain boundary conditions. Accordingly, surrogate-assisted UQ can
serve as an important complement to nominal TRP prediction, es-
pecially for robust pack design, probabilistic safety assessment,
and decision-making under uncertainty.

Although traditional ML methods and Bayesian modeling have
shown effectiveness in TRP surrogate modeling, they often strug-
gle with highly nonlinear behaviors and complex spatial-temporal
feature interactions within battery systems. Neural networks
(NNs), thanks to their flexible architectures and representation
learning ability, can exploit large simulation and experimental
datasets to approximate intricate input-output mappings with
higher accuracy and generalization. As the most fundamental ar-
chitecture, fully-connected neural networks (FCNNs) stack dense
layers to capture nonlinear dependencies and serve as a basis for
more advanced designs. Yan et al.116 employed a lightweight
FCNN trained on simulation data to forecast cell temperature tra-
jectories and TRP intervals under various SOC, ambient temper-
ature, and heater power, enabling rapid what-if evaluation and
safety screening without repeated tests. Zhu et al.117 proposed
a hybrid multiphysics framework for module-level temperature
distribution monitoring to prevent TR in cylindrical battery. Con-
sidering the non-uniformity of temperature field induced by low-
fidelity lumped battery model, an FCNN was introduced to com-
pensate for spatial errors, which was then integrated with an un-
scented Kalman filter for real-time temperature state estimation.
To predict long-term TRP behavior within battery packs, Lekoane
et al.118 applied layer-recurrent NN to investigate sophisticated
mapping between voltage, current, SOC, and feedback tempera-
ture from COMSOL-generated simulation data. By incorporating
temporal recurrence, the model better captured dynamic depen-
dencies than FCNN and Elman NN, yielding lower prediction er-
rors particularly beyond 1000 s.

Battery system layout, heat transfer parameters, and tem-
perature field exhibit strong spatial correlations that are dif-
ficult to perceive by FCNNs. Convolutional neural networks
(CNNs)119,120, through local receptive fields and weight sharing,
can efficiently extract spatial features from temperature maps of
FE/CFD outputs, thereby facilitating accurate representation of
TRP patterns. Considering temperature distribution with battery
packs as images, Goswami et al.120 trained CNNs on heat maps
generated from a coupled electrochemical-thermal-degradation
model to classify safe, critical, and TR states. A YOLO-based CNN
module further localized hotspots, enabling simultaneous TR
stage identification and initiation-site detection for early warn-
ing. Wang et al.121 not only employed CNNs to learn spatial
temperature distribution in battery packs, but also applied FC-
NNs to predict TR onset time based on CFD simulations. The hy-
brid framework ensured TR temperature prediction error below
10 ◦C and onset time prediction within 2 s. Apart from CNN mod-
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els, graph neural networks (GNNs) also provide a flexible way to
model spatial correlations by directly representing battery cells
or sensors as nodes and their thermal couplings as edges122. The
graph-based formulation allows efficient aggregation of inter-cell
interactions and accommodates irregular sensor layouts, thereby
supporting accurate hotspot forecasting and TRP risk assessment
beyond the grid-based representations required by CNNs.

It should be noted that both CNN and GNN models are lim-
ited in capturing long-term temporal dependencies. Since TR
involves strongly time-dependent processes such as heat accu-
mulation and propagation delay, autoregressive models including
recurrent neural networks (RNNs)118, long-short-term memory
(LSTM)123,124, and gated recurrent units (GRU)125 have been
introduced to explicitly model sequential dynamics. Zhang et
al.123 proposed a multi-mode multi-task data-driven framework
that integrated 3D CNN features from thermal images with LSTM
features from operating data for TRP prediction. A vanilla LSTM
was also introduced to predict battery temperature under nor-
mal conditions. By incorporating memory cells and gating mech-
anisms, LSTM effectively captures temporal dependencies across
sequence, thereby improving the accuracy of long-horizon TRP
forecasting. Considering time-dependent battery heat maps as
sequences of images, Li et al.124 applied a CNN-LSTM framework
that combined CNNs for spatial feature extraction with LSTMs
for temporal modeling of CFD-generated thermal contours. Pre-
processed into 8 consecutive thermal images, the model achieved
96.7% accuracy with high recall. To provide early warning of TR
under mechanical abuse, Li et al.126 proposed a model-switching
architecture that combines an LSTM for failure onset predic-
tion with a 1D CNN-LSTM for post-failure temperature evolution.
Trained on experimental and mechanical-electrical-thermal sim-
ulation datasets, the framework ensured less than 1 ◦C error in
most tests for multi-level warnings. Battery systems inherently
operate under uncertain conditions. To address variations of SOC,
cycling modes, and abuse locations on TRP behavior, Ouyang et
al.115 developed an uncertainty-aware predictor combining fuzzy
logic with multi-task CNN-LSTM surrogate. However, LSTM ar-
chitectures often suffer from gradient decay and high parame-
terization in long sequences. In contrast, GRU127 employs a
simplified gating mechanism with fewer parameters, and atten-
tion mechanisms128 dynamically weight informative features, to-
gether enabling more efficient and robust long-horizon TRP pre-
diction. Inspired by this intuition, Li et al.125 proposed a multi-
modal TRP predictor that integrated GRU-based multi-scale gated
fusion with bidirectional cross-attention to couple 2D thermal im-
ages and 1D temperature data. This framework not only stabi-
lized feature fusion under limited samples but also reduced pre-
diction errors by over 25% compared with CNN-GRU baselines.

Although purely data-driven models have shown promise in
TRP prediction, their accuracy still relies heavily on large vol-
umes of high-fidelity data, which are impractical in engineer-
ing scenarios due to limited time, budget, and computational
resources. Additionally, the performance of surrogate models
often deteriorates when extrapolating beyond training domains.
Physics-informed machine learning (PIML)129–131, emerged as a
promising paradigm, addresses these limitations by embedding

domain knowledge and partial differential equations (PDEs) into
NN structures or the training process, thereby reducing the re-
liance on extensive datasets whilst enhancing physical consis-
tency and generalization capability under unseen conditions132.
Kim et al.133 proposed a multiphysics-informed NN for single cell
TR prediction, embedding energy-balance PDE and Arrhenius ki-
netics into two coupled FCNNs. Even with partially labeled tem-
perature data, the network successfully predicted species con-
centration and long-term TR temperature evolution. Consider-
ing the fidelity gap induced by 2D heat transfer simplification,
Jiang et al.134 proposed a multi-fidelity PI-CNN for battery pack
heat map prediction under varying layouts. By coupling a PDE-
constrained UNet backbone with a supervised lightweight projec-
tion head, the framework achieved high accuracy with a maxi-
mum error of only 0.02 ◦C. The two-stage training strategy re-
duced high-fidelity data requirements to one-fifth whilst main-
taining desired accuracy, thereby enabling efficient design-space
exploration and facilitating subsequent optimization of battery
layout135. Jeong et al.136 embedded heat transfer and chemi-
cal degradation knowledge within the loss function of a physics-
informed deep operator network (DeepONet), which significantly
outperformed its data-only counterpart for TR temperature pre-
diction beyond 30 minutes. As a representative neural operator
framework, PI-DeepONet not only embeds physical constraints
to ensure consistency, but also learns mappings between func-
tion space, enabling extrapolation across diverse operating and
boundary conditions137. This provides better flexibility and gen-
eralization compared with PI-FCNN and PI-CNN architectures,
which are typically limited to fixed operating conditions and do-
main discretizations.

Table 3 summarizes the capabilities and limitations of each of
the model types. There are several common benefits and limita-
tions that these models have. They are all faster and more suitable
for real-time online instant prediction compared to the 3D simula-
tion, while they are all data-dependent, requiring a large amount
of high-quality data that is hard to obtain. PINNs can solve the
interpretability problem of the other two types of methods and
the data requirement problem to some extent, but they increase
a lot of complexity to the training process. Those methods should
be chosen carefully based on a task-directed way.

A further practical consideration in model selection is battery
aging. As discussed in Section 2.2.1, aging can shift TR triggering
behavior, but its effects are strongly dependent on usage history,
chemistry, and degradation mode. This makes aging particularly
difficult to represent with fully physics-based models, because the
required degradation parameters and their evolution are rarely
known in sufficient detail for safety applications. For this rea-
son, simpler semi-empirical, reduced-order, or hybrid models can
be more attractive for aged batteries and second-life systems, es-
pecially when they can be re-identified from pack-level measure-
ments such as temperature, voltage, and resistance. In practice,
a useful guideline is to start from the simplest model that can an-
swer the target question with acceptable accuracy, and only move
to higher-fidelity multiphysics descriptions when localized mech-
anisms, trigger pathways, or component-level interactions must
be resolved explicitly.
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Table 3 Summary of surrogate models and data-driven methods

Approach Inputs to Outputs Models Capabilities Limitations

ML classifiers Sensor data including volt-
age, temperature, etc. →
risk class (TR/no-TR, risk
level).

Tree ensembles,
SVM, shallow NNs.

• Detect subtle signs and classify TR risk in
an early stage.

• Fast inference, suitable for onboard BMSs.
• Can reach high prediction accuracy.

• Require extensive failure data covering di-
verse conditions.

• Easy overfitting and lack the predicting
ablity outside training distribution.

• Black-box method without physical in-
sights.

Neural-network
surrogates

Time–space sensor data
or simulation snapshots
→ temperature evolution,
TR timelines, and peak
temperature.

Complex NN models
such as LSTM, CNN,
autoencoders.

• Emulate complex TRP behavior much
faster than high-fidelity models.

• Useful for online prognosis, allowing
emergency controls to trigger.

• Capture nonlinear dependencies that are
hard to explicitly model.

• Requires large training datasets covering
varied scenarios.

• Hard to extrapolate to the conditions out-
side the training dataset.

• May produce results not matching physical
constraints.

Hybrid & physics-
informed ML

Sensor data + physics pri-
ors → fields consistent with
reaction kinetics.

PINNs, Neural oper-
ators such as Deep-
ONet.

• Models follow the fundamental physical
laws, thus requiring less data and remain
valid under extrapolation.

• High-speed and high-fidelity surrogates of
3D simulation models.

• More interpretable and can provide in-
sights into the physics.

• Complex training requiring expertise in
both physics and deep learning,

• Balancing the data-fit and physics residuals
during training can be tricky.

• Still high-quality data-dependent to an ex-
tent.

Fig. 6 shows the framework and the results of some surrogate
modeling of TR, TRP, or thermal-related modeling and predic-
tion. The classifier methods typically identify the dangerous and
safe parameter space in the cell or pack configuration parame-
ters with a decision boundary. This helps the designer select pack
design parameters more pertinently. The surrogate ML and NN
models target predicting the quantitative results of TR and TRP
behaviors, such as peak temperature and propagation time. These
methods can be combined with uncertainty quantification tech-
niques and give more information on the reliability of the cell
or pack design. Finally, PINN methods integrate physical infor-
mation in the surrogate models, enabling interpretability in data-
driven models. Although having a more complex training and
model establishment process, these models possess the merits of
lower data requirements and more uniformity to physical laws,
which the previous two types of models do not have. Therefore,
when establishing a surrogate model of TRP, one should choose
the desired modeling method carefully, considering the features
each model has.

To conclude, physics-based and data-driven surrogate models
have greatly advanced TRP research by facilitating efficient risk
classification, fault localization, design optimization, and uncer-
tainty quantification. Traditional ML methods, such as SVM and
RF, offered early successes, whereas NNs, including FCNN, CNN,
GNN, and recurrent variants, further improved the modeling of
nonlinear spatiotemporal dynamics, supporting long-term fore-
casting and early warnings. Notably, PIML has emerged to over-
come data scarcity and extrapolation challenges by embedding
physical laws into NNs. This shift from empirical data-driven sur-
rogates to PIML and neural operators marks a key step toward

reliable, interpretable, and generalizable TRP prediction for next-
generation battery safety design and management.

4 Mitigating and Preventing TRP: Design Opti-
mization

How to optimize the design of the battery pack to decrease its
TRP probability or hazard is the ultimate goal of many studies
on the pack safety. Therefore, preventing such propagation has
become a key safety requirement for modern EVs and ESSs55.

4.1 Mitigation and Prevention

TRP can be combated through a multi-pronged approach involv-
ing thermal management, fire suppression, structural safeguards,
and early detection. Recent studies emphasize that no single so-
lution suffices; instead, an optimized battery pack design inte-
grates several strategies to mitigate the onset of TR and prevent
its propagation to neighboring cells138,139. Fig. 7 summarizes the
overall contents of this section: TRP can be mitigated through a
combination of thermal management, fire suppression, and early
detection. For each subfigures in Fig. 7, (a1) presents represen-
tative active cooling strategies based on cold plates and forced
air flow, (a2) shows passive thermal management using PCM,
and (a3) illustrates the use of insulating materials to suppress
inter-cell heat transfer. In addition, (b) gives a representative
fire suppression approach, while (c1)-(c3) summarize three early
detection and monitoring routes, namely electrical/temperature
sensing, gas sensing, and acoustic detection, respectively. The
detailed descriptions of each method presented in Fig. 7 will be
elaborated in the following sections.
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(a) ML Classifiers

(a1) SVM Classifiers (a2) RF Faulty Cell Position Prediction

(a3) ML-Physical Model Combination

(b) Neural Network Surrogate Models

(b1) Design Optimization with Surrogate Model

(b3) Early Warning with LSTM  

(b2) Uncertainty Quantification

(b4) CNN-LSTM Modeling

(c) PINN and Hybrid ML

(c1) TR Modeling and Prediction (c2) Heat Map Prediction (c3) Neural Operator Network TR Prediction

Fig. 6 Framework or results in the existing studies of surrogate models, (a) ML classifiers: (a1) SVM safety risk classification (reproduced from
Ref. 104 with permission from Elsevier, copyright 2026), (a2) RF faulty cell position prediction (reproduced from Ref. 105 with permission from Elsevier,
copyright 2026), (a3) The fault boundary ML-physical combination model identifies (reproduced from Ref. 107 with CC-BY license); (b) Neural network
surrogate model: (b1) Design optimization through surrogate modeling considering cooling of PCM (reproduced from Ref. 108 with permission from
Elsevier, copyright 2026), (b2) Surrogate modeling using Kriging and incorporating uncertainty quantification (reproduced from Ref. 114 with CC-BY
license), (b3) TRP early warning strategy incorporating LSTM modeling (reproduced from Ref. 123 with permission from Elsevier, copyright 2026),
(b4) TRP prediction using a framework of CNN-LSTM with uncertainty (reproduced from Ref. 115 with permission from Elsevier, copyright 2026);
(c) PINN modeling: (c1) PINN modeling and prediction for TR, incorporating various exothermic process inside the battery cell (reproduced from
Ref. 133 with CC-BY license), (c2) Heat map prediction using PINN (reproduced from Ref. 134 with permission from Elsevier, copyright 2026), (c3) TR
prediction through physics-informed DeepONet (reproduced from Ref. 136 with permission from Elsevier, copyright 2026).

4.1.1 Thermal Management Strategies

To mitigate or prevent TRP, different thermal management strate-
gies provide different ways to handle TRP. Main strategies include
active cooling, PCM passive cooling, and thermal barriers. Each
strategy has its own merits and limitations; one should choose
carefully for a battery pack when designing the cooling system.
Some commonly used thermal management strategies are shown
in Fig. 7(a). Wu et al.140 reviewed the thermal performance of
batteries and liquid-based battery thermal management systems,
with particular emphasis on liquid cooling structures such as cold
plates, mini-channels, and related channel configurations. This
study provides a representative basis for the cold-plate-based ac-
tive cooling scheme shown in Fig. 7(a1), and demonstrates how
liquid cooling can improve temperature uniformity and heat dis-
sipation capability in battery packs. Zhou et al.141 experimen-
tally investigated a battery thermal management and safety sys-
tem combining heat pipes and immersion phase-change liquid.
The study showed that this hybrid cooling design could effectively
control battery temperature during normal operation and inhibit

thermal runaway as well as its propagation under abuse condi-
tions. Therefore, it serves as a representative example of active
thermal management in Fig. 7(a1). Talele et al.142 proposed a
dual-function thermal design using phase change material inte-
grated with pyro block lining. Their results showed that PCM can
delay the triggering of thermal runaway, while the added pyro
block lining can further slow down thermal propagation between
adjacent cells. This work is thus representative of the passive ther-
mal management strategy illustrated in Fig. 7(a2). Yu et al.143

developed a sandwich-structured aerogel/copper composite in-
sulation board for lithium-ion battery modules. By combining
low thermal conductivity with enhanced heat-shielding capability,
the proposed insulation board effectively suppressed heat trans-
fer and significantly delayed thermal runaway propagation. This
study is therefore used to represent the insulating-material-based
mitigation route shown in Fig. 7(a3).

As shown in Fig. 7(a1), active cooling mainly relies on cold
plates placed between adjacent cells or on module sides, together
with forced air flow through the module, to extract heat and
maintain the cell temperature within a safer range. Such ap-
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(a1) Active Cooling

PCM

(a2) Passive Thermal Management (a3) Insulating Material

(a) Thermal Management Strategies

Nozzle
Water Mist

Water Pump

Nanofluids

Camera
Single cell

Heater

T2

T3 T4

T1

TD 4561 Computer

Exhaust Port

Fire Protection Platform

(b) Fire Suppression Technology

Submerged cell 
in PCM

(c) Early Detection & Monitoring Systems

(c1) Electrical & Temperature Sensing

Single 
microphone

(c2) Gas Sensing

(c3) Acoustic Detection

Single 

microphone

Cold plate between 
adjacent cells

Cold plate on 
module sides

Battery

Cold plate

Heat spreader

Cold plate

(a1) Active Cooling

Cold plate into 

battery monomer

Cold plate between 

adjacent cells

Cold plate on 

module sides

Cold plate 

microchannel

Battery

Cold plate

Heat spreader

Cold plate

Sandwich structured composite 
thermal insulation board

Air flow 
inlet

Air flow through modules

(a) Thermal Management Strategies

(b) Fire Suppression Technologies

(c) Early Detection & Monitoring Systems

Disassemble

Heater ring

Heater 
cartridges

Aluminum casing

Frontal cell’s 
contacting

Cell under 
test

Voltage & temperature measurement

Battery enclosure

Mounting 
separator

Sensor 
positioning 

space

Connecting 
busbars

CO gas 
sensor

Battery enclosure

Mounting 
separator

Sensor 
positioning 

space

Connecting 
busbars

CO gas 
sensor

Battery fixture

Gas sensor

Enclosure filled with vent 

gas and electrolyte vapors

Before gas venting After gas venting

Fig. 7 TRP mitigation and prevention technologies: (a) thermal management strategies, including (a1) active cooling via cold plate (reproduced from
Ref. 140 with permission from Elsevier, copyright 2026) and air flow (reproduced from Ref. 141 with permission from Elsevier, copyright 2026), (a2)
passive thermal management through PCM (reproduced from Ref. 142 with permission from Elsevier, copyright 2026), and (a3) insulating material to
reduce heat propagation (reproduced from Ref. 143 with permission from Elsevier, copyright 2026); (b) fire suppression technologies, such as liquid
nitrogen cooling (reproduced from Ref. 144 with permission from Elsevier, copyright 2026); (c) early detection and monitoring systems, including (c1)
electrical and temperature sensing (reproduced from Ref. 145 with CC-BY license), (c2) gas sensing (reproduced from Ref. 146 with CC-BY license),
and (c3) acoustic detection (reproduced from Ref. 147 with permission from Elsevier, copyright 2026).

proaches are intended to reduce the temperature rise of neigh-
boring cells before they reach the TR triggering condition. By
continuously removing heat from the module, active cooling can
delay TR triggering and, in some cases, interrupt further propaga-
tion. Active cooling is employed in modern EV battery packs, such
as liquid coolant circuits, refrigerant loops, or forced air cooling,
to maintain cell temperatures within safe limits during operation
and to rapidly dissipate heat in abuse conditions. Liquid cool-
ing is particularly effective since it can absorb large amounts of
heat and even handle extreme cases like early-stage TR, due to
many coolants’ high boiling points and heat capacities148. For
instance, direct liquid cooling with the help of a heat pipe and
phase-change liquid in an EV pack was shown to prevent TRP
by keeping the adjacent cell temperatures below 185 ◦C when
a neighboring cell went into runaway141. Immersion cooling is
an emerging approach in some ESS designs140. In this system,
the battery is submerged into a non-conductive dielectric fluid,
thus making direct contact with the cell149. Compared to in-
direct cooling, direct fluid contact yields more uniform temper-
atures and suppresses TR propagation more effectively150. Ac-
tive cooling includes air cooling, heat pipe cooling, fluid cooling,
and mixed refrigeration processes, also providing a safety buffer

during thermal incidents151. However, these systems add com-
plexity, weight, and cost. Sufficient coolant flow rate and power
are required. If cooling is insufficient or disabled, propagation
can proceed unchecked148. Additionally, forced-air cooling has
limitations. On the one hand, forced-air cooling performs reason-
ably well for certain types of batteries while not ideal for those
that have higher heat densities152. On the other hand, forced-air
cooling has a lower heat transfer coefficient and worse thermal
conductivity compared with liquid cooling153. Besides, the intro-
duction of airflow during a battery fire may inadvertently supply
oxygen and worsen flames154. Thus, designers must carefully
balance cooling effectiveness with system complexity.

Passive thermal management using PCMs or heat sinks provides
an extra safety layer by absorbing excess heat without external
power. Fig. 7(a2) shows a representative PCM-based passive ther-
mal management strategy. In this case, the cells are surrounded
by a phase-change medium that absorbs a large amount of heat
through endothermic melting. Therefore, the PCM acts as a ther-
mal buffer, slows down the temperature rise of adjacent cells, and
delays the onset of TRP. Compared with active cooling, this strat-
egy does not rely on continuous external power input, but its ef-
fectiveness strongly depends on the latent heat, thermal conduc-
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tivity, and geometric coverage of the PCM. PCMs melt or undergo
phase change during overheating, soaking up heat through latent
heat absorption and stabilizing cell temperature142. Studies have
shown that integrating PCM around cells can delay or even pre-
vent propagation. Walke et al.155 demonstrated that adding a
phase-change composite layer into a small pack, where the TR
propagated through all cells without PCM, would let the failing
cell burn out without igniting its neighbors. Dai et al.156 reported
that using paraffin wax as PCM could delay the onset of run-
away by several minutes and reduce peak cell temperatures by
tens of degrees. Also, Javani et al.157 discovered that PCM could
maintain a more uniform temperature distribution on a battery
cell and avoid hot spots. CPCMs address the key low thermal
conductivity limitation of pure PCMs by enhancing heat spread
within the material158. This ensures the PCM melts uniformly
and captures heat effectively before the cell temperature spikes
and blocks propagation efficiently. Combined with some other
passive heat spreaders like copper or aluminum heat sinks and
heat pipes, heat can be further drawn away from an endangered
cell, flattening thermal gradients. While PCMs and passive el-
ements do not actively cool the pack under normal conditions,
they provide crucial buying time during thermal incidents. How-
ever, one drawback of PCM cooling is that once the PCM’s phase-
change heat capacity is expended, it no longer absorbs heat. Fur-
thermore, flammable PCMs can easily burn with the TR cell and
exacerbate the propagation.

In addition to heat absorption like passive cooling, purely in-
sulating materials are used to isolate cells thermally. Advanced
thermal barrier sheets (ceramic fiber mats, aerogel blankets, intu-
mescent polymers) are placed between cells or modules to block
heat transfer and flame spread. These barriers do not cool the
cell but slow down heat propagation, giving adjacent cells more
time to vent or for external interventions to take effect. One of
such a passive strategy is presented in Fig. 7(a3), where an in-
sulating material is inserted between cells to interrupt heat prop-
agation. This is based on a sandwich-structured aerogel/copper
insulation board. Its mechanism is not limited to blocking con-
duction. First, the low-emissivity copper surfaces strongly sup-
press radiative heat transfer. In the referenced study, without
the insulation board, the heat received by the adjacent cell was
composed of approximately 65% radiation and 35% convection,
whereas after introducing the insulation board the radiative con-
tribution decreased to only about 4%. Accordingly, the remain-
ing heat-transfer pathway shown inFig. 7(a3) becomes predomi-
nantly convective (about 96%), which explains the values marked
in the figure. Second, the board also reduces the air flow between
the heat source and the neighboring cell, thereby weakening con-
vective heat transfer. Third, owing to its low thermal conductivity,
a large temperature gradient can be established across the board,
further limiting conductive heat leakage. Therefore, Fig. 7(a3)
illustrates that insulating materials can simultaneously suppress
radiation, reduce convection, and hinder conduction, and thus
markedly slow down TRP. Also, there are some other techniques,
for instance, Yu et al.143 developed a sandwich-structured com-
posite that delays TRP by more than 6 hours in NMC modules.
Aerogel is also a good heat insulation choice for constructing ther-

mal barriers159,160. Ceramic fibers are another type of thermal
barrier. The Al2SiO5 nanofiber membranes developed by Zhao et
al.161 exhibited an ultra-low thermal conductivity across a wide
temperature range and excellent delay efficacy for TRP. Commer-
cial products like intumescent polymer sheets serve as cell-to-cell
firewalls, designed to stop propagation even in densely packed
modules. The effectiveness of thermal barriers has been con-
firmed in numerous studies, though complete suppression is not
always guaranteed. Key properties for a good thermal barrier in-
clude low thermal diffusivity, high decomposition temperature,
and structural stability under flame to resist TRP. A trade-off ex-
ists because thicker or multi-layer barriers improve safety but
reduce energy density and may impede heat dissipation during
normal operation. Thus, designers optimize barrier placement
(often only between module units or at critical interfaces, rather
than between every cell) to contain potential flames while manag-
ing weight/space constraints. Overall, combining active cooling
(handling gradual heat build-up) with passive thermal barriers
(for extreme events) is considered a best practice in pack design
for EVs and ESSs65,162.

4.1.2 Fire Suppression Technologies

Besides thermal management, fire suppression also plays an im-
portant role once TR has already started. As shown in Fig. 7(b),
representative suppression strategies employ external cooling and
flame inhibition to prevent the failure of one cell from escalat-
ing into a module-level event. For example, liquid-nitrogen-based
cooling or combined water-mist/cooling approaches can rapidly
lower the cell temperature, suppress jet flames, and reduce the
thermal load imposed on adjacent cells. In this sense, Fig. 7(b)
represents a post-trigger mitigation route that complements the
preventive function of the thermal-management strategies intro-
duced before. These measures are critical in large-format batter-
ies, e.g., EV packs, grid storage, etc., where a single cell fire can
otherwise escalate to a multi-cell disaster. Specifically in Fig. 7(b),
Gao et al.144 experimentally studied the fire extinguishing behav-
ior of lithium-ion batteries using alternating synergistic strategies
of water mist and liquid nitrogen under low-temperature condi-
tions. The work demonstrated that the combined strategy can im-
prove cooling performance, delay thermal runaway, and suppress
deflagration more effectively than using a single agent alone.

In EVs and ESSs, active fire suppression systems can detect a
thermal event and deploy a fire-quenching agent. For instance,
many stationary battery containers are equipped with automatic
systems that flood the enclosure with fire suppressants like in-
ert gas, aerosolized dry chemicals, or water mist when TR is de-
tected. The goal is to cool the batteries and starve the fire of oxy-
gen. Water remains one of the most effective firefighting agents
for LIB fires, primarily due to its high heat capacity. Zhang et
al.163 tested 21700-format cells and showed that a fine water
spray can effectively suppress TR – the longer the spray duration,
the better the TR suppression achieved. Wu et al.164 developed
a dry powder extinguishing agent that shortened the TR dura-
tion and suppressed the jet flames. Liu et al.165 explored the
control strategy and the cooling effect of water mist through a
series of TRP experiments - their experiment exhibited a success-
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ful cooling process depending on the water evaporation latent
heat. Spray strategies like water mist and other extinguishing
agents can effectively limit the peak temperatures and suppress
the TR propagation. The limitation of plain water is the Leiden-
frost effect – if cell surfaces are extremely hot, water droplets can
vaporize upon contact and fail to wet the surface, reducing cool-
ing efficacy166,167. The solutions to this problem can be adding
surfactants or salts to change the physical properties of the wa-
ter mist, reducing water’s surface tension and raising its boiling
point168. Such mixtures better adhere to burning cells and absorb
heat more rapidly. Similarly, a proprietary blend of fire suppres-
sant chemicals combined with fine water mist achieved greater
flame knockdown than either agent alone. Yao et al.169 investi-
gated the synergistic effect of gaseous extinguishing agents (CO2,
C6F12O) combined with water mist intermittent spray in the sup-
pression of TRP, and explored the optimal strategy that minimized
the water volume and improved the efficiency. Gao et al.144 pro-
posed an alternating water mist - liquid nitrogen cooling strategy
and tested its deflagration suppression efficiency on the LFP and
NCM battery modules. These approaches both cool the battery
and form protective layers that smother flames.

As for considering the safety design for the TRP suppression
agent or method, the ideal ones for LIB fires should act fast,
be electrically non-conductive to avoid shorting electronics, leave
minimal residue, and be safe for personnel and the environment.
In vehicles, fully integrated suppression systems are not yet com-
mon due to space and weight constraints, but some manufactur-
ers have begun incorporating thermal sensors that can trigger
ventilation or even small suppressant canisters. For large ESS
containers, clean-agent gas systems and aerosol generators are
popular. They fill the enclosure with fire-quenching gas when ac-
tivated. These systems can contain a battery fire long enough for
external firefighting or for the batteries to cool. Notably, stan-
dards such as UL 9540A for ESSs and UNECE Regulation No.100
Rev.3 for EVs now require demonstrating that TR fires are either
prevented from propagating or else effectively contained and sup-
pressed. This has driven innovation in pack designs that incorpo-
rate both fire-resistant construction and on-demand suppression.
In summary, fire suppression technologies are crucial for minimiz-
ing damage and danger from the cascade failure and dangerous
propagation once a TR has started, especially in high-energy sys-
tems where an unchecked battery fire could be catastrophic.

4.1.3 Early Detection and Monitoring Systems

Even with preventive and suppressive measures, completely elim-
inating TR risk remains difficult. Therefore, early detection
and monitoring are essential, as summarized in Fig. 7(c1)-(c3).
Fig. 7(c1) shows electrical and temperature sensing, where ab-
normal variations in voltage, temperature, or related electrical
indicators can provide the first warning of cell failure. Fig. 7(c2)
shows gas sensing, which detects characteristic vent gases re-
leased during abuse and can therefore identify incipient failure
before severe thermal escalation. Fig. 7(c3) shows acoustic detec-
tion, where abnormal sounds generated by safety-valve deforma-
tion or venting can be captured as early-warning signals and, in
some studies, can even be used for fault localization. Early detec-

tion and monitoring systems provide a proactive means to catch
incipient failures and trigger protective actions before TRP hap-
pens. Advanced battery management systems (BMSs) in modern
packs are increasingly incorporating sensors and diagnostic algo-
rithms dedicated to safety monitoring. Fig. 7(c) presents some of
these techniques. In Fig. 7(c1), Gomez et al.145 proposed a novel
pulse-resistance-based early detection approach for thermal run-
away in lithium-ion and sodium-ion batteries. By characterizing
the resistance response at elevated temperatures and during run-
away events, the study showed that changes in pulse resistance
can provide an early warning signal before severe thermal failure
occurs. In Fig. 7(c2), Cai et al.146, investigated the detection of
Li-ion battery failure and venting using carbon dioxide sensors.
The study identified CO2 as a representative vent-gas species and
demonstrated that gas sensing can provide rapid warning of bat-
tery venting and failure in pack-level configurations. Finally, in
Fig. 7(c3), Wang et al.147 proposed an acoustic-based method
for the detection and localization of early-stage abnormal sounds
during lithium-ion battery thermal runaway. The authors showed
that abnormal acoustic signals associated with safety-valve defor-
mation can be identified before full thermal runaway occurs, and
that the faulty cell can also be localized.

The conventional BMS already tracks cell voltages, tempera-
tures, and currents for performance management. These signals
can also serve as first-level TR indicators. For example, a sudden
voltage drop may indicate an internal short, and an abnormal
local temperature rise can signal failing cells. However, relying
on standard sensors alone has limitations, since temperature sen-
sors on cell surfaces may not detect fast internal heating until
it’s too late170. Similarly, a cell’s voltage might not dip signifi-
cantly until catastrophic failure is imminent. Thus, researchers
have proposed enhanced monitoring such as temperature sen-
sor arrays171, pressure sensors172, or strain parameter monitor-
ing173. Moreover, synthetic monitoring indicators may provide
comprehensive and robust detection. For example, Gu et al.174

presented a “state of safety” model that uses strain evolution data
from cell expansion alongside voltage and temperature to warn of
TR well before it happens. High-fidelity sensing of internal resis-
tance or impedance is another avenue. Gomez et al.145 suggested
that an increase in internal resistance can precede TR, so periodic
electrochemical impedance spectroscopy or pulse resistance mea-
surements can provide early warning. They also indicated that a
technique monitoring subtle changes in a cell’s resistance under
small current pulses was able to detect the onset of TR in advance,
by recognizing the signature of lithium plating or SEI breakdown
inside the cell.

Another promising early warning method is gas sensing146.
When a Li-ion cell undergoes abuse, it often releases small
amounts of combustible gases even before significant heat or
smoke is generated. Also, gas sensors react more quickly com-
pared to battery surface temperature sensing, thus making it an
important means of measuring early-stage TR175. These off-gases
result from the decomposition of the electrolyte and electrode SEI
layer at elevated temperatures. Torres-Castro et al.176 explored
an early-stage TR diagnostics method combining electrochemical
impedance spectroscopy (EIS) and gas sensing technology, taking
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advantage of the quick response of both methods in TR detec-
tion. In their tests, the gas sensors could offer a warning time of
more than 6 minutes under overcharge failure of a battery pack,
and this time could enable the BMS to isolate the affected mod-
ule and halt charging, preventing TR progression. Besides quick
response, they also tend to be more sensitive in large systems
where a localized temperature spike might be missed; but gases
vented from a cell will spread and can be picked up by a nearby
sensor176. It can be foreseen that the techniques of using combi-
nations of sensors for key species like CO2, CO, H2, and volatile
organics, sometimes in tandem with ML algorithms to distinguish
failure signatures from background levels can be a promising path
for TR diagnostics.

Acoustic detection also springs up in many TR early detection
techniques147. The opening of a safety vent or the sound of a
cell case rupturing when the gas builds inside a cell and the inter-
nal pressure rises produces an audible or ultrasonic signature177.
This tends to catch the moment of failure rather than early pre-
failure signals, but it can still trigger alarms or suppression sys-
tems a split second faster than temperature rise detection. Liu
et al.178 proposed a multi-domain acoustic signal fusion, where
the anomalies were screened by two levels of algorithms to en-
sure accurate detection. Tam et al.179 obtained an early-stage TR
acoustic dataset containing 1330 acoustic samples, then used ML
methods to accurately classify these data and detect the anoma-
lies. As these studies have presented, algorithms and data-driven
methods play an important role in acoustic signal processing. The
combination of acoustic signal sensors and efficient data-driven
signal processing methods can increase the early-stage detection
accuracy.

Table 4 provides a comparative overview of the mentioned mit-
igation and prevention technologies for TRP, categorized by their
primary mechanism. As concluded, each category of strategies
offers unique benefits and addresses different aspects of the prob-
lem, and they have different advantages and limitations. When
considering TRP mitigation and prevention, the most effective
methods are often in combination as part of an optimized battery
safety design, rather than a single technique alone.

4.2 Design Optimization Considering Pack Safety

The effectiveness of mitigation measures is greatly enhanced by
intelligent battery pack design. Even seemingly simple design
modifications can significantly influence whether TR in one cell
will trigger its neighbors. For example, introducing a small air gap
between adjacent cells can delay TRP, while installing a flame-
retardant separator or barrier can completely prevent it87. Like-
wise, as introduced in the previous sections, incorporating ad-
vanced cooling elements helps absorb excess heat and thus fur-
ther limits the chance of a runaway event spreading through the
module. By integrating safety-oriented features into the pack ar-
chitecture, manufacturers can substantially increase a battery sys-
tem’s passive resistance to TRP, greatly reducing the likelihood of
catastrophic cascade failures.

In this section, we will review how safety considerations drive
design optimizations, balancing preventative measures and mit-

igative measures, as shown in Fig. 8. We will discuss theoretical
frameworks and practical methodologies for safety-oriented de-
sign, covering passive strategies built into the pack’s architecture
and active strategies involving control and sensing. Finally, we
highlight optimization techniques that incorporate safety as a key
objective alongside performance and cost. This balanced review
spans both conceptual advances and real-world engineering solu-
tions.

4.2.1 Structural and Passive Safety Strategies

A battery pack must be mechanically robust to ensure safety un-
der vibrations, shocks, and crashes, especially for applications
that a battery pack is subject to such conditions. For example,
during vehicle operation, the pack enclosure experiences contin-
uous vibrations and occasional jolts from road conditions, which
can induce stresses and deformations in the structure183. If not
properly designed, such mechanical loads could damage cells or
connections, leading to short circuits or coolant leaks. Vehicle
safety heavily depends on the battery pack’s structural integrity
to resist deformation and vibration180. To this end, designers
often reinforce the pack enclosure with stiffening ribs or high-
strength materials and include mounting systems that isolate vi-
brations. For example, Shui et al.184 optimized an EV battery
pack enclosure by maximizing its natural frequency and minimiz-
ing deformation under shock loads, all while minimizing weight.
Using surrogate-assisted modeling and a genetic algorithm, they
identified an enclosure geometry that met multi-objective criteria
that emphasized weight and stiffness, reducing vibration ampli-
tudes and the risk of mechanical failure. In another study, Ma et
al.185 performed a three-step optimization on the battery pack
to find the lightest structure. They further found the optimal
process parameters considering the resin viscosity and pressure.
Wang et al.186 studied the collision safety in a battery pack by
the prediction of the bottom shell deformation in a data-driven
framework. This workflow offers a basis for structural optimiza-
tion, suggesting that altering module geometry can intrinsically
enhance safety without adding extra mass.

Passive design measures aim to contain or slow TRP as dis-
cussed in section 4.1.1, buying time for occupants to evacuate
or for active systems to respond. First, structural or geometrical
design optimizations can significantly change the TRP behaviors.
Li et al.187 developed a framework through CFD simulation and
ML method for pack layout design optimization. Combined with
an optimized BMS, they found the best design setup. Thermal
insulation barriers or heat-absorbing components are two types
of passive containment ways. The thermal barriers typically have
very low thermal conductivity and high heat resistance, while the
heat-absorbing components directly draw heat released from the
TRP process, buffering temperature rise. Both methods serve to
localize the heat of a failing cell, preventing it from immediately
igniting neighbors. For instance, Rui et al.188 applied thin sil-
ica–aerogel sheets between cells, showing successful TRP block
even in high-energy cell modules. Higher-density aerogels pro-
vide better insulation at extreme temperatures, enabling safer
battery designs for energy-dense chemistries. Aerogels with op-
timized density and thickness can withstand the intense heat of
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Fig. 8 Design optimization considering battery pack safety: (a) structural and passive safety strategies considering (a1) mechanical integrity (reproduced
from Ref. 180 with permission from Elsevier, copyright 2026) and (a2) passive TR prevention (reproduced from Ref. 181 with CC-BY license); (b)
active safety measures and management systems (reproduced from Ref. 182 with permission from Elsevier, copyright 2026); (c) safety-conscious and
comprehensive design optimization (reproduced from Ref. 109 with permission from Elsevier, copyright 2026).
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Table 4 Summary of TRP Mitigation and Prevention Strategies

Category Mechanism Techniques Advantages Limitations

Thermal Manage-
ment

Regulates or absorbs
heat to keep cell tem-
perature below critical
thresholds.

(1) Active cooling,
(2) PCMs,
(3) thermal barriers.

(1) Generally passive and reliable
once implemented,

(2) different strategies can be com-
bined for synergy.

(1) Additional weight/complexity and cost,
(2) not usually sufficient alone under extreme

abuse.

Fire Suppression Actively cool and/or
chemically quench
flames once TR has
started.

(1) Fire-resistant coat-
ings on cell surface,

(2) gaseous suppression
agents or water mist.

(1) Final defense to prevent small fires
from becoming cascade failure dis-
asters,

(2) coatings and additives work pas-
sively to reduce flammability.

(1) Only deploys after failure initiation,
(2) inappropriate suppression agent reduces

efficiency,
(3) challenging to be installed in limited space

like EVs/portable devices,
(4) possible re-ignition if root cause not

solved.

Early Detection &
Monitoring

Sensors and algo-
rithms that contin-
uously monitor for
early signs of TR,
allowing intervention
before propagation.

(1) Operational signal
(voltage, tempera-
ture, etc.) monitor-
ing,

(2) gas sensing,
(3) acoustic detection.

(1) Proactively prevent TR in an early
stage,

(2) minimal impact sensor installation
has to the system.

(1) Requires additional calibration and main-
tenance to ensure sensors function cor-
rectly,

(2) missed alarms can be caused by false posi-
tives or sensor failures,

(3) other physically efficient mitigation meth-
ods required when failure warned.

a runaway cell and delay or entirely stop the domino effect. Xie
et al.189 proposed a suppression method for propagation, imple-
menting passive insulation coupling active liquid cooling which
was validated through a numerical model. They found that with
the synergistic effects of coolant flow rate, appropriately thinning
the thermal insulation material can suppress the propagation.
There are also many design studies related to PCMs, whether con-
sidering the structural optimization or the design of different va-
rieties of PCMs. Huang et al.190 reported that embedding flame-
retardant PCM pads in modules significantly delays the onset of
TR and sometimes prevents propagation entirely. If formulated
with flame-retardant additives, they can also smother sparks or
flames. Zhao et al.191 proposed a CMCP combining PEG2000,
epoxy resin, and EG to improve dispersion and thermal stabil-
ity. These PCMs act as built-in fuses: under normal operation,
they enhance heat dissipation, and under abuse, they absorb en-
ergy and form an insulating layer. It is worth noting that, besides
standalone insulation layers that only focus on suppressing TRP,
the design optimization method should pay more attention to hy-
brid thermal management strategies that balance normal oper-
ating cooling with emergency insulation. Since in practice, the
design goal of the thermal management system in a battery pack
should be both thermal efficiency to optimize the performance
under normal conditions and safety under extreme failures.

Dangerous ejecta vented by TR cells needs to be managed by
battery pack design during TRP. There are some EV packs aim-
ing at directing the venting gas flow or energetic ejecta away
from critical components or passengers by properly positioning
the battery cells and designing the pack enclosure192. Also, there

are some studies that directly looked into the design of battery
packs considering venting gas. Srinivasan et al.181 proposed a
series of iterative designs of battery modules with different vent
channels. Since the clogging of venting channels is key to the
propagation, they focused on the transmission of the energetic
materials in the ejecta and validated the design through simu-
lations and experimental testing. Directing the venting gas and
ejecta can be very important to prevent the TRP process, and the
influence of ejecta on the TRP was investigated in an extensive
amount of studies28,75,193, yet there is still a lot of room for ex-
ploring the design optimization considering the venting gas and
ejecta.

4.2.2 Active Safety Measures and Management Systems

As a complementary part of passive safety strategies, active mea-
sures also play a vital role in TRP management. BMS is the chief
among these. The BMS is a comprehensive framework that in-
corporates various processes and performance evaluation meth-
ods for battery packs by continuously reading data from each
cell and controlling the pack’s operation to keep it within safe
limits194. Modern BMS units implement numerous safety algo-
rithms, balancing cell SOC to prevent overcharging, estimating
SOH to flag deteriorating cells, and enforcing current limits to
avoid overstress. If a potentially unsafe condition is detected, the
BMS can trigger protective actions. Pack designs thus incorporate
contactors/fuses that the BMS can blow or open as a fail-safe,
electrically isolating faulty cells and preventing further heat gen-
eration.

Active BTMSs are one crucial safety element in the active mea-
sure design part. The primary role of BTMS is to keep cell tem-
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peratures in an optimal range to ensure performance; they are
also designed to prevent overheating and extreme safety haz-
ards. Designs on active BTMS often incorporate different active
cooling systems to ensure its safety performance is better than
a standalone active cooling method. Najafi et al.195 experimen-
tally built a low-cost BTMS combining air cooling and thermoelec-
tric modules in an aluminum block pack with 48 18,650 battery
cells. They found that thermoelectric-only cooling is insufficient
at higher loads, while their combination strategy extended run-
time and lowered surface temperatures, pointing to a practical,
compact path for basic pack safety in light-duty uses. There are
also some design trials combining active and passive measures
together to amplify both their merits in TRP prevention. Sun et
al.196 developed a hybrid BTMS combining active liquid cooling
with passive media, integrating a snake-shaped coolant tube and
interstitial fillers, with either copper foam to boost thermal diffu-
sivity or expanded-graphite/paraffin PCM for latent-heat buffer-
ing. Their TRP mitigation assessment in a 2D numerical model
showed that it outperformed natural air cooling across various
scenarios and conditions. Though BTMS can both tune the nor-
mal operational temperature and prevent TRP, different designs
have different utility focuses. A comparison study conducted by
Yang et al.182 contrasted liquid cold plates on different sides, in-
sulation, and PCM, judging from dimensions including TRP, cool-
ing, and energy density within one validated CFD framework. It
concluded that inter-cell cold plates with sufficient flow best halt
propagation but worsen uniformity or energy density, whereas
insulation or PCM favor density yet underperformed on TR and
cooling—leading to clear recommendations for small EVs, large
EVs, and ESSs. When conducting a design optimization study
concerning BTMS, one should pick proper methods accordingly
with regard to their characteristics.

Finally, active strategies may involve automatic fire suppression
systems within the battery pack design. Since LIB fires burn very
fast and are very dangerous, early response is highly important to
control such a situation. Three main parts, including a monitoring
system, a signal processing system, and an extinguishing system,
should be considered to design a full fire protection system inside
a battery pack197. Separately, these components were introduced
by the previous sections in 4.1. How to implement them into a
whole fire suppression system may be a promising topic. There
are some industrial solutions, e.g., discovering anomalies by mon-
itoring the gas production behavior and then using liquid N2 to
prevent combustion197. The design of a fire suppression system
should comprehensively consider these different components con-
nected in series as a whole. This brings some extra requirements
for certain scenarios. For instance, an ESS may have sufficient
space to hold large and complete equipment sets, while an EV
probably may not, and so do some other much smaller applica-
tion products such as drones or anthropomorphic robots. There-
fore, special tailoring should be made to them to ensure fitness
and safety efficiency.

4.2.3 Safety-Conscious and Comprehensive Design Opti-
mization

In light of the above safety considerations, systematic battery
pack design optimization is an inherently multi-objective chal-
lenge: maximize performance metrics, such as energy density,
power, lifespan, etc., and minimize weight, space, and cost, while
meeting stringent safety constraints. Researchers have turned
to advanced optimization frameworks that explicitly incorporate
safety as a criterion to navigate this complex design space.

One approach is to treat safety requirements as constraints in
the optimization problem. The design is then optimized for per-
formance objectives subject to all safety constraints being satis-
fied. This ensures any resulting design automatically fulfills safety
standards. For instance, in optimizing a pack enclosure, Shui et
al.184 set deformation under shock and vibrational frequency tar-
gets as constraints along with weight minimization. The outcome
was a Pareto-optimal set of designs balancing weight vs. mechan-
ical safety, from which a final safe design was chosen. Yao et
al.198 validated the model against nail-penetration and external-
heating TRP tests and then used it to explore hybrid pack layout
designs. The study showed that alternating or firewall-like LFP
placements could arrest propagation, while denser NCM-heavy
stacks need added convection or thin aerogel insulation to stay
safe. Another important approach is to include safety in the objec-
tive function directly, effectively quantifying safety performance
that the optimizer tries to maximize alongside other objectives.
This is seen in recent works using multi-disciplinary design opti-
mizations199,200. The optimizer might try to simultaneously max-
imize operational performance and safety. Decision-makers could
refer to the results and select a balanced design.

Multi-physics simulation plays a big role in safety-driven op-
timization. Designers now employ coupled simulations that cap-
ture electrical, thermal, and mechanical behavior under fault con-
ditions. For example, a coupled electro-thermal model can simu-
late a cell overcharge and subsequent TR, feeding its output into
a numerical model of fire spread. By integrating these into an
optimization loop, one can optimize parameters like cell spacing,
vent size, or coolant flow rate to minimize the chance of catas-
trophic outcomes. Zhang et al.110 took such an approach by de-
veloping a high-dimensional surrogate model for TRP in a battery
module, then running an optimization to design a hybrid mitiga-
tion system. The system combined low-conductivity barriers with
high-conductivity cooling elements, and the optimization tuned
their relative properties to best dissipate everyday heat while still
blocking thermal emergencies. The optimized design notably bal-
anced these competing demands of heat transfer vs. insulation,
significantly improving the module’s safety margin. Rui et al.188

refined a hybrid cooling plus insulation strategy for TR preven-
tion through both simulation and experiments. Their final results
showed safe and unsafe areas regarding heat dissipation and ther-
mal insulation, bringing indications for any further design opti-
mizations considering TRP.

To make such optimization computationally feasible, re-
searchers are increasingly using surrogate modeling and ML tech-
niques. High-fidelity simulations of battery abuse scenarios can
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be extremely time-consuming, while surrogate models can ap-
proximate these physics results much faster. Zhang et al.109 built
and experimentally validated a CFD hybrid pack model, then used
it to compare cycling and abuse scenarios of the proposed method
against baselines. The design optimization via a surrogate flagged
PCM conductivity/thickness, heat-pipe length, and inlet velocity,
and the results yielded a cooler yet uniform module and faster
post-runaway cool-down. Li et al.201 built a 3D CFD model of an
8-cell air-cooled module using Latin-hypercube sampling to probe
gap and airflow variables, and adopted Kriging to stand in for
the costly solver while sensitivity plots clarify the physics. Cou-
pled with a multi-objective genetic search, the surrogate guided
a compact uneven-gap layout that cuts temperature difference,
non-uniformity, and volume, with a clear Pareto front and sensi-
tivity bar chart steering trade-offs.

In summary, pack safety optimization is a holistic endeavor. It
spans choosing safer cell chemistries and formats, determining
module layout and spacing, selecting materials and thicknesses
for thermal barriers, designing cooling and venting systems, and
programming the BMS with appropriate algorithms – all within
a unified optimization scheme. The literature reflects a trend to-
ward such integration: instead of addressing thermal issues, me-
chanical crashworthiness, and electrical safety in isolation, the
state-of-the-art is to tackle them together in co-optimization. By
doing so, one can avoid solutions that fix one problem but worsen
another. For instance, simply adding heavy armor for crash safety
could drastically reduce EV range, while a co-optimization would
seek a better solution that meets crash requirements with mini-
mal weight penalty. Thanks to high-performance computing and
AI, designers can explore countless design variations to find those
rare combinations that achieve both high energy and high safety
solutions. The outcome is a new generation of battery packs
that are inherently safer by design, rather than relying solely on
add-on protective measures. Table 5 provides a summary of key
safety-driven design strategies and how they contribute to overall
pack safety, along with representative studies from recent litera-
ture.

5 Challenges and Future Scopes
TRP remains one of the most serious safety challenges in LIB sys-
tems. A single-cell failure can ignite neighboring cells in a chain
reaction, quickly escalating into pack-wide fires or explosions202.
High-profile battery fire incidents in EVs and grid storage instal-
lations underscore the severity of this risk203. Despite intensive
research endeavors from unraveling TRP mechanisms to develop-
ing predictive models and mitigation strategies, fully taming TRP
in real-world packs remains exceedingly difficult. Fundamen-
tal gaps continue to impede progress. For example, experimen-
tal data on propagation are limited and often hard-won, leaving
models under-validated77. Likewise, safety benchmarks are not
yet uniform, and there are relatively few standardized tests for
pack-level propagation and inconsistent criteria across regulatory
standards. At the same time, engineers face a multi-objective de-
sign trade-off between higher performance and inherent safety as
batteries become more energy-dense204. Even the most advanced
countermeasures cannot guarantee absolute containment without

incurring penalties in weight, cost, or complexity. Compounding
these issues, challenges of modeling such nonlinear, multiscale
physics of TRP persist, leading to struggles in reliably predicting
propagation under diverse conditions. These persistent hurdles
collectively underscore the need for a frank assessment of remain-
ing challenges and coordinated future efforts in the field of TRP.

Accordingly, this section provides a dedicated outlook on the
key obstacles, in Section 5.1, and next steps, in Section 5.2, to
guide more robust studies about safer battery packs. We first
identify major technical and institutional challenges that continue
to hinder TRP mitigation, modeling, and standardization. These
challenges range from mechanistic uncertainties and data scarcity
to the lack of common testing protocols, model fidelity issues,
and practical implementation constraints. We then propose corre-
sponding future directions accordingly, outlining a concise guide-
line for researchers, industry practitioners, and policy-makers in
prioritizing efforts that directly address the most pressing TRP is-
sues. There might be some limitations or uncovered points within
them, but we only hope this challenge-scope framework can serve
as an inspiration to future related studies.

5.1 Existing Challenges

We’ll summarize the major barriers that still limit effective TRP
prevention, prediction, and standardization in this section. These
challenges arise not only from the intrinsic complexity of TRP,
but also from external limitations such as scarce and non-
comparable datasets, the lack of unified testing protocols, and
uncertainty in model generalization. Meanwhile, real-world de-
ployment must reconcile safety improvements with constraints in
cost, mass/volume, manufacturability, and operational reliability,
which collectively slow the translation of promising concepts into
robust pack-level solutions.

5.1.1 Complex Multi-Physics and Scaling

TRP is an inherently multi-physics phenomenon. It involves elec-
trochemical reactions, heat transfer, gas release, and sometimes
mechanical failure. This complexity makes TRP behaviors dif-
ficult to reliably model and predict. Minor differences in cell
chemistry, SOC, or pack configuration can lead to vastly different
propagation scenarios, posing a major challenge for developing
universal predictive models. Bridging the gap between single-cell
understanding and full pack behavior remains an ongoing strug-
gle, as models must capture intricate couplings and extreme non-
linear events without incurring prohibitive computational costs.
Ensuring simulations remain accurate when extrapolated to new
designs or conditions is especially challenging, highlighting the
importance of rigorous model validation.

5.1.2 Lack of Standardized Testing and Data

There is presently no globally unified protocol for TRP testing
or safety criteria, which hampers both research and regulation.
Most safety standards focus only on cell-level abuse tests or man-
date only minimal propagation requirements. Cross-comparing
results from different studies is difficult because experimental
setups vary widely. This lack of standardization leads to incon-
sistent data and uncertainty about how solutions perform under
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Table 5 Summary of Design Optimization Strategies for Pack Safety

Optimization Direction Design Strategies Implementation Examples

Mechanical Integrity
& Passive Prevention
(Crash, Vibration, Passive
TRP Containment)

1. Robust enclosure materials and shock absorption.
2. Multi-objective structural optimization balancing safety

vs. volume and energy density, or weight vs. stiffness and
strength.

3. Heat insulation blocks heat transfer and flame spread,
and heat-absorbing materials soak up excess heat during
abuse.

4. Venting mechanisms to safely relieve pressure and direct
flames.

1. Enclosure with metal composites to resist impact deformation; addi-
tional components or materials to absorb vibration.

2. Optimized interlaced cell arrangement, or module segmentation and
spacing to create natural firebreaks.

3. Thermal barriers such as ceramic fiber, aerogels, etc., applied between
cells; heat-absorbing materials, such as PCM, filling the interstice of
the pack.

4. Pack vents, burst panels.

Active Thermal Manage-
ment (Overheat Mitiga-
tion & Fire Suppression)

1. Cooling systems for extracting heat during high loads and
keeping cell temperature uniform.

2. Dynamic thermal control: TR signal monitoring triggers
increasing cooling power.

3. Heating/cooling elements to prevent extreme conditions.

1. Liquid cooling systems (coolant channels or plates) and forced-air
cooling.

2. Sensors trigger increased cooling if a hotspot or abnormal tempera-
ture rise is detected.

3. Pre-heating in cold to avoid lithium plating, cooling in heat to avoid
overheating.

Integrated Safety Design
(Holistic & Optimized So-
lutions)

1. Integrated signal monitoring-response chain design.
2. Multi-layer safety: combining passive and active mea-

sures.
3. Safety-oriented optimization.
4. Surrogate modeling/advanced computation method (in-

tegrated with numerical simulations or experiments).

1. Continuous cell signal monitoring with automated shutdown or
power reduction on detecting unsafe conditions.

2. Thermal barrier + cooling + sensing + suppression together.
3. Simulation-driven plus algorithms to find optimal designs that satisfy

safety constraints.
4. ML models TRP outcomes quickly; topology optimization discovers

designs that improve safety.

real-world conditions. Moreover, much TRP test data from in-
dustry remains proprietary, limiting open knowledge. Only in the
stationary ESS sector has a consensus test method (UL 9540A)
been used to evaluate fire propagation. The absence of broadly
adopted TRP standards and shared data is a key challenge in ad-
vancing universally safe battery pack designs.

5.1.3 Safety vs. Performance Trade-offs

Balancing the trade-offs between TRP safety and other design pri-
orities can be difficult under many situations. Strategies to pre-
vent or mitigate propagation inevitably add weight, volume, com-
plexity, and cost to the system. In EV especially, manufacturers
are pressured to maximize energy density and minimize weight,
which can conflict with incorporating bulky safety features. For
example, increasing thermal insulation or using PCMs can absorb
heat and delay propagation, but excessive insulation may trap
heat during normal operation, while PCMs can be exhausted or
even become flammable once their capacity is exceeded. Indus-
try and researchers face the multifaceted challenge of optimizing
pack architectures to meet safety goals without significantly sac-
rificing energy, range, or cost.

5.1.4 Difficulties in Robust Early Detection

Identifying the TR onset and stop propagation in its earliest stages
remains problematic. BMS typically relies on sensors at the cell
or module level, but the internal failures within a battery cell
cannot be captured by standard sensor arrangements. The exter-
nal abnormal signals that can be detected by sensors often give
a small window for intervention. This is a serious challenge for
preventing propagation. However, adding more sensors or more

sensitive diagnostics raises complexity and cost, and false alarms
must be avoided to prevent unnecessary shutdowns. The robust-
ness of detection algorithms is also a concern. If they rely on
data-driven models, they might not reliably identify every failure
mode. Overall, the difficulty of robustly sensing and responding
to incipient TR in large-scale packs means that propagation often
can’t be mitigated until it’s well underway rather than before it
starts.

5.1.5 Model Uncertainty and AI Robustness

Predictive models face reliability issues when confronted with
novel conditions. Due to their intrinsic limitations, traditional
empirical models calibrated to specific datasets may fail to gen-
eralize to different cell types or usage profiles, and purely data-
driven AI models can give misleading results outside the range
of their training data. This is particularly dangerous in a safety
context like TRP, where unexpected scenarios could fall outside
the model’s learned experience. Recent advances in PIML have
started to address these extrapolation challenges by embedding
physical laws into AI models, greatly improving their trustworthi-
ness for TRP prediction. However, ensuring robustness and in-
terpretability of these models remains an ongoing challenge. Re-
searchers must carefully validate that any AI-driven safety prog-
nostics will behave reliably under extreme or unforeseen condi-
tions. The integration of AI into battery safety thus demands
a cautious approach, meaning that they must be as rigorously
tested as the batteries themselves to avoid a false sense of se-
curity. In summary, the community faces the dual challenge of
needing faster, smarter prediction tools while also guaranteeing
that these tools will not fail when they are needed most.
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5.1.6 Emerging Chemistries and Aging Effects

The evolving landscape of battery technologies adds uncertainty
to TRP behavior. LIBs are continually improving, and each inno-
vation can alter the TR and TRP characteristics. Aging is another
complicating factor. As cells age or are reused in second-life ap-
plications, they can develop internal degradation that lowers the
threshold for TR or changes how fire propagates. An older cell
might go into TR more easily than a fresh cell, or produce dif-
ferent gas byproducts, affecting propagation dynamics. These as-
pects have not been fully characterized, making it challenging to
predict TRP for batteries at end-of-life. In short, staying ahead of
the curve on TRP requires continuous research as batteries diver-
sify in chemistry and as packs operate over longer lifespans. The
field must grapple with how to design TRP safeguards that remain
effective for future battery innovations and throughout the entire
service life of a battery system.

5.1.7 Limitations of Different Application Scenarios

From the perspective of applications, most studies focus on how
to secure the battery pack safety in EVs and ESSs, with little at-
tention to other high-risk applications. Though EVs and ESSs are
critical and highly risky LIB application scenarios, the discussions
towards them are excessively extensive. There are a lot of fire in-
cident cases involving smaller-scale devices like drones and per-
sonal e-mobility gadgets. For instance, New York City alone saw
268 LIB fires from e-mobility devices in 2023, causing 150 in-
juries and 18 fatalities205. Meanwhile, the emerging amount of
manufacturers and products of intelligent systems and humanoid
robotics, in which LIBs also play a vital role as power core, intro-
duces similar fire hazards that current research barely discusses.
More comprehensive studies facing these applications should be
conducted to guide the safety design of these products, which will
soon be or have been an important part of our lives. This gap in
application scope is a significant challenge, as safety risks in these
emerging domains are often overlooked.

5.2 Future Scopes
In this section, we further outlines several forward-looking direc-
tions that could most effectively reduce TRP risk at the pack level
in the coming years. The proposed scopes span regulatory and
testing progress, intrinsic-safety materials and cell design, and
system-level architectures that integrate sensing, mitigation, and
fail-safe mechanisms in a coordinated manner. Importantly, these
efforts should be pursued with practical engineering constraints
in mind, so that improved safety can be scaled, validated, and
deployed without prohibitive penalties in cost, manufacturability,
and performance.

5.2.1 Stricter Standards and Policy Initiatives

Harmonizing and tightening safety standards is paramount to
guide future TRP mitigation efforts. New EV battery safety stan-
dard, GB 38031-2025, mandates “no fire, no explosion” during a
TR event, even under severe abuse. This policy essentially forces
the industry toward zero propagation designs and could serve as a
blueprint for other regions. Some other regulations are also mov-
ing in a similar direction with proposed updates. In the stationary

storage arena, updated protocols like UL 9540A:2025 are raising
the bar by requiring multi-level propagation tests and safety met-
rics tied to real-world scenarios. However, greater global regula-
tory harmonization in battery safety requirements still needs re-
searchers and manufacturers to prioritize TRP prevention and de-
velop actively. If these standards are adopted broadly and imple-
mented effectively, they provide a clear target that concentrates
and accelerates safety innovation.

5.2.2 Advanced Materials and Cell Design for Intrinsic
Safety

Suppressing TR at the source by modifying cell materials is a
promising direction of future battery pack design. On the cell
level, this means new electrolytes and separators that are far more
resistant to ignition and heat. For example, high-stability or solid-
state electrolytes and ceramic or high-temperature separators can
significantly delay or even prevent a cell from going into TR. At
the cell level, a single battery can be designed to integrate built-
in shutdown mechanisms that activate at certain temperatures to
terminate reactions. At the module/pack level, thermal insulation
and novel cooling strategies are expected to absorb heat spikes,
and well-designed venting that safely channels hot gases out of
the pack. The next generation of pack designs may include sac-
rificial vents or exhaust pathways to relieve pressure and flame,
preventing chain reactions. Another material avenue is coatings
that are fire-retardant or intumescent applied around cells. These
approaches, while known, require further development to mini-
mize penalties, such as weight, cost, and thermal resistance dur-
ing normal operation.

5.2.3 Design Innovation and System-Level Safeguards

There is substantial room to innovate in how cells are arranged
and isolated for pack architecture optimization. Next-generation
packs might adopt modular containment strategies, where cells
are partitioned into smaller units with fire-resistant walls. Flex-
ible pack designs that can tolerate cell failures without cascad-
ing are also a good direction to explore, e.g., spacing adjust-
ments, or integrating heat flow interruption mechanisms such as
thermal fuses between cells. Structures like cell-to-pack integra-
tion, for the purpose of eliminating module enclosures to save
weight, present challenges. While such designs pack cells more
tightly and energy-dense, highly effective thermal management
and venting solutions will be needed to maintain safety. Multi-
tiered protection systems are likely to become standard. For ex-
ample, a combination of early detection, active cooling, and pas-
sive barriers all working together. A large amount of studies have
proven that no single technique is sufficient, so a multi-stage and
integrated system is necessary in TRP prevention and suppres-
sion. Innovating such resilient pack designs, while keeping them
lightweight, compact, and affordable, will be an urgent pursuit in
the near future.

5.2.4 Integration of AI and Digital Twins for Safety Manage-
ment

Leveraging advanced sensing, data analytics, and simulation will
greatly enhance TRP prevention and response. Thus digital twins,
high-fidelity computational models synced with real-time sensor
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data from an operating battery pack, make themselves a promis-
ing direction for battery systems. Digital twins can predict how a
thermal event might evolve and enable proactive control actions
before a runaway cascade. If an incipient TR is detected, the sys-
tem could autonomously initiate mitigation, coupled with the ac-
tive fire suppression systems mentioned before. Studies using ML
for such prediction have shown encouraging results, especially
when combined with physical models for reliability. By improv-
ing robustness, these systems can become trusted guardians of
the battery. AI-assisted safety systems could potentially provide
real-time, high-precision early warnings for TR events, vastly re-
ducing the chance of unseen failures progressing to full-blown
fires. The key challenge to address ahead is to ensure these AI
algorithms are robust and interpretable, so that human operators
and regulatory bodies have confidence in their predictions.

5.2.5 Considering Aging, Second-Life, and Diverse Applica-
tions

Future research must broaden to cover the lifecycle and vari-
ety of battery usage, as these factors have been proven to influ-
ence TRP risk. Therefore, lifetime safety has to be designed and
tested. New testing standards are already pushing in this direc-
tion, requiring evaluations of how aging impacts TR and propa-
gation behavior. This trend will continue, with more emphasis
on guaranteeing safety not just when a battery is new, but also
after years of service or in second-life deployments. Additionally,
battery packs will be deployed in diverse environments and sce-
narios, each with different operating stresses and safety require-
ments. Future TRP mitigation strategies should be tailored to the
application. For instance, a home storage battery in a confined
space might prioritize absolute containment and fire suppression,
whereas ESS packs might prioritize minimizing loss and damage.
Researchers will need to account for these differences and possi-
bly develop category-specific safety solutions. Ultimately, expand-
ing the scope of TRP studies to encompass aging effects and vari-
ous real-world deployment scenarios will ensure that safety mea-
sures remain effective throughout the battery ecosystem’s evolu-
tion.

5.2.6 Collaboration and Data Sharing for Safety Solutions

Addressing TRP is a grand challenge that benefits from collec-
tive effort across industry, academia, and government. No sin-
gle entity has all the data on the myriad ways TR initiates and
propagates. Establishing shared databases and collaborative re-
search initiatives could greatly accelerate learning. Industry al-
liances are already being encouraged to share some test data to
reduce duplication and cost. This is important because compre-
hensive propagation testing can be prohibitively expensive and
time-consuming. By working together, stakeholders can develop
best practices and jointly create open-source models or protocols
for TRP mitigation. Such collaboration will ensure that advances
in TRP understanding and technology propagate quickly through
the community. In the end, a culture of transparency and shared
learning will be a powerful tool to drive the continuous improve-
ment in battery safety that our growing clean energy society de-
mands.

5.2.7 Broadening Safety Measures to Emerging Technolo-
gies

Future work should expand beyond EVs and ESSs to address TRP
hazards in a wider range of applications. This includes rigorously
investigating battery safety for drones, e-bikes, and the growing
realm of intelligent systems and humanoid robots, which so far
lack dedicated safety guidelines. Tailored standards and protec-
tion strategies must be developed for these platforms as their
adoption is growing rapidly. For instance, the first UL safety
certification for a humanoid robot battery was only recently es-
tablished, underscoring the need for rigorous abuse-tolerance re-
quirements in robotics. Embracing advanced safeguards, such as
multi-layer battery protection, flame-arresting pack designs, and
safer chemistries, will greatly enhance safety in these emerging
domains as their adoption continues to grow.

Conclusions
TRP remains one of the most critical safety hazards in modern
LIB systems. A single-cell failure can release enough heat and
flammable gases to drive a chain reaction, endangering an entire
battery pack. Preventing such catastrophic propagation is essen-
tial for the safe adoption of EVs, grid-scale ESSs, and other bat-
tery applications. In this review, we have examined TRP from the
fundamental mechanisms to modeling approaches, then explored
mitigation strategies in a progressive structure, highlighting the
importance of understanding and controlling TRP to enable safer
high-energy battery technologies.

Mechanistically, when one cell undergoes TR, its exothermic
reactions rapidly elevate its temperature and eject energy that
can ignite adjacent cells via direct conduction, radiative heat-
ing, and convective transfer of hot ejecta. Critical factors such
as cell chemistry, SOC, and battery age strongly influence the
likelihood of runaway initiation and the speed of its propaga-
tion through the pack. Because full-scale propagation experi-
ments are hazardous and costly, researchers increasingly rely on
modeling and simulation to study TRP. Accordingly, this review
outlined how predictive models now range from reduced-order
thermal network models for fast, low-complexity analysis to high-
fidelity 3D multiphysics simulations that resolve coupled ther-
mal–electrochemical–structural dynamics, as well as data-driven
surrogate models that enable rapid risk screening and design opti-
mization. These tools have become indispensable for probing TRP
behavior and guiding safer battery designs. Then, for suppres-
sion and mitigation, a variety of preventive and protective tech-
niques have been developed, including BTMSs, fire suppression
measures, early fault detection and monitoring, etc. Meanwhile,
safety-conscious pack design modifications significantly improve
a pack’s inherent resistance to propagation. Both passive and ac-
tive safeguards must be integrated for enough redundant safety
design, since no single countermeasure is sufficient on its own,
and only a coordinated combination of strategies yields effective
TRP prevention. An optimized battery pack therefore employs
multiple layers of protection to collectively mitigate the onset of
TR and block its propagation.

Finally, several persistent challenges and future research needs
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are also identified according to the review of existing studies, aim-
ing at guiding the future studies to a more effective and compre-
hensive thread. Looking at the current policies, industrial appli-
cations, and academic studies, there are still research gaps within
the safety standards and test protocols, data effectiveness, bal-
anced pack design considering operational performance, failure
early detection, focus on limited application scenarios, etc. Ac-
cordingly, several future scopes on the modeling and safety de-
signs considering TRP have been proposed to bridge these gaps.
There might be some shortcomings and limitations within these
views, but we hope that they can inspire and stimulate future re-
search to better overcome the safety problems within a battery
pack. Progress on these fronts will be crucial for the next genera-
tion of LIB packs to be inherently resilient against TRP while still
delivering the performance and longevity demanded by modern
clean energy applications.
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