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ABSTRACT 

YIKAI JIA. Multiphysics nature of Lithium-ion Battery safety issues 

(Under the direction of DR. JUN XU) 

Safety issues of lithium-ion batteries (LIBs) are usually initiated from an internal short 

circuit (ISC) that can be triggered by external accidental abusive loadings. The generated 

heat and the increased temperature would lead to several complicated physio-chemical 

changes of the batteries, e.g., thermal runaway (TR). Thus, investigation of the 

multiphysics behaviors of lithium-ion batteries becomes a vital task to understand the 

battery safety issues. Experimental characterization and numerical simulation are essential 

ways to understand the underlying nature of the multiphysics behavior of batteries. 

However, experimental observation may only provide insufficient data due to the limitation 

of experimental technology, particularly for in-situ or operando experiment methodologies. 

Herein, a multiphysics modeling framework is developed. The framework provides a 

fundamental description and understanding of the safety behaviors of the battery cells. Next, 

the multiphysics framework is used to evaluate the safety risk of LIB cells. Two kinds of 

key safety risks evaluation problems are defined: ISC triggering risk and safety risk level. 

Machine learning (ML) models with data-driven algorithms are used to fast and accurately 

solve the related regression and classification problems. In terms of ISC triggering risk, an 

ISC risk evaluation model is first developed based on the training dataset generated by the 

combination of experimental data and simulation data. A Representative Volume Element 

(RVE) based mechanical model, which can predict accurate mechanical behaviors at a 
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much lower calculation time cost, is established to assist the data generation. The safety 

risk prediction high-level performance of the Support Vector Regression (SVR) predictors 

are indicated by various testing cases and scenarios. In terms of safety risk level evaluation, 

a safety risk level classification model is developed to classify the cell’s safety levels under 

various work conditions. Random Forest (RF) classifiers are used to construct the model 

and realize the cell state classification based on only a short period of voltage and current 

signals. The multiphysics model is used as a surrogate model to generate as much as 

training samples, that cover various State of Charges (SOCs), short circuit resistances, and 

Charging/discharing-rates (C-rates), are generated. The prediction results show that the 

classifiers have a good performance and robustness. Finally, two typical safety issues: cell 

defect and TR propagation are systematically studied. The defective cells are characterized 

both electrochemically and mechanically to discuss the consequent ISC and thermal 

runaway triggering behaviors and modes. The multiphysics model will be used to provide 

necessary auxiliary instructions of the related mechanisms. Possible defect detection and 

identification indicators are also summarized. TR propagation behaviors of battery packs 

are also experimentally and numerically investigated. The pack level TR model is 

developed based on the multiphysics model via doing some simplifications and adding the 

coupling relationships among cells. Two major thermal spread modes are discovered, and 

their governing factors are discussed. Thus, the TR propagation mechanism is revealed to 

some extent. This study comprehensively investigates the multiphysics behavior of LIB 
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cells under mechanical abusive loadings, highlights the promise of the LIB cell 

multiphysics modeling framework. The multiphysics models provide fundamental 

understanding and insights of battery safety issues, as well as an innovative solution for 

risk evaluation and safety risk recognition. 
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CHAPTER 1 INTRODUCTION 

1.1 Background 

LIBs are playing increasingly important roles to promote the mobility of current 

society. The energy density of the LIBs has been improved significantly, along with 

superior cyclability and low cost. However, as the increasing number of safety incidents, 

such as fire/explosion, of LIBs become more frequent and violent, battery safety becomes 

an important factor hindering people from adopting LIBs as power sources in various 

scenarios. Safety issues of LIBs are usually caused by additional heat sources produced by 

an ISC that can be caused by accidental mechanical abuses 1-5, electrical abuses 

(overcharging or over-discharging) 6, 7, and thermal abuses (overheating) 8, 9. The generated 

heat and the increased temperature would lead to several complicated physiochemical 

changes, such as decomposition reactions, phase changes 10, 11, and fatal fire/explosion 

consequences of the batteries 12-15. Therefore, an in-depth understanding of the complexity 

of the multiphysics nature of LIB safety behaviors upon mechanical abusive loading poses 

a grand challenge. Furthermore, understanding the fundamental mechanism would further 

unlock new opportunities in battery design, application, and monitoring.  

1.2 Literature review 

1.2.1 Multiphysics behaviors of lithium-ion batteries 

Generally, safety issues of LIBs are usually initiated from an ISC 16-20. The short 

circuit generates heat and increases the temperature, which triggers future related 
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decomposition reactions (electrodes and electrolyte) and the phase changes (separators, 

collectors) 10, 11. These complicated physiochemical changes finally lead to thermal 

runaway (TR) and fatal fire/explosion consequences of the batteries 12-15 (Fig.1). The 

complex nature is caused by the coupling effects of mechanics, thermology, and 

electrochemistry for batteries upon abusive loadings. 

 

Figure 1 Multiphysics behaviors of safety issues of LIBs 15. 

Experimental characterization of battery safety is an essential way to understand the 

underlying nature of the multiphysics behavior of batteries 17, 21-23. Overcharge and large-

current (rate) charge characterization 24-26 have been used at the cell level to reveal the 

safety behavior upon electrochemical abusive loadings. External heat has also been used 

to investigate the safety behavior upon thermal abusive loadings 12, 18. Among those 

methods, applying mechanical abusive loadings is the most reliable and controllable way 

to trigger ISC, including compression 5, 27-34, indentation 1, 3, 19, 35-39, bending 5, 28, 30, 32, nail 

penetration 40-43 and dynamic impact 28, 34). The mechanical, thermal, and electrochemical 
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behaviors of the batteries were characterized by recorded loading forces, open-circuit 

voltages (OCV), and surface temperatures in time history 29. 

Observation and measurement of the ISC triggering tests indicate that ISC and TR are 

two milestone events in battery safety issues 6, 44, 45 (Fig. 2). ISC is determined by the 

voltage drop due to the consumption of the battery capacity by joule heat 17. After the 

triggering of ISC, the produced joule heat would provide sufficient energy for the triggering 

of the thermal runaway in some cases, which may release tremendous heat, toxic gases and 

finally cause the subsequent fire/explosion accidents 10, 19, 46-48. Temperature measurements 

during the experiments indicate a possible violent TR following an ISC 49-51. The 

quantitative relations among mechanical factors 52, 53 and electrochemical factors (e.g., 

state of charge (SOC) 33, 54-56 and state of health (SOH) 33, 56) were investigated to elucidate 

the phenomenological coupling effects of mechanical and electrochemical fields.  

 
Figure 2 Typical results of battery mechanical abusive loading test 19. 

1.2.2 Stress-induced internal short circuit 

Plenty of experimental methods have been developed to trigger the ISC. For the 

thermal-triggered method, there is a phase change material method 57, and a memory alloy 
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method 58. For the electric-trigger method, fast charging/discharge, 

overcharging/discharging, and cycling can cause ISC. To control the ISC position, a 

metallic particle is retrofitted into the battery 59. External mechanical abusive loading is 

one of the most common triggers of ISC 39, 60, including penetration61, pre-holed separator 

method 62, 63 and internal particle 64 are all popular ISC triggers methods. 

In mechanical abusive experiments, voltage drop and temperature rise are two 

characteristic phenomena that occur when a cell is short-circuited 4, 45, 48. As such, by 

monitoring the voltage profile and temperature distribution field, ISC’s can be captured 

easily29, 30, 65. Based on the mechanical tests of batteries, Sahraei et al. realized the 

prediction of onset of ISC based on FE simulation and pointed out that the point of failure 

of the material in tension is correspondent to the point of short-circuit 66. Greve et al. then 

proposed a Mohre-Coulomb (MC) ISC/fracture criterion for cylindrical LIB 5 (Fig. 3). The 

abusive loading tests can indicate the ISC point under various loading conditions. The 

corresponding cases were modeled to obtain the complete stress-strain distribution in the 

cell. Based on the ISC point and the stress-strain distribution, the stress-/strain-based ISC 

criterion was generated. To be more general, a unified strength theory (UST) ISC criterion 

is also established 28 (Fig. 3). Those criteria are established for a homogenous model which 

simplifies the layered battery structure into a homogenized solid. Further studies, using 

advanced techniques (e.g., CT (computed tomography) scanning) and visualizing the rapid 

failure mechanism of ISC inside the cell 27, 67, 68, indicate that the deformation or fracture 
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of the separator is the main reason that leads to stress-induced ISC 16. Thus, Wang and Yuan 

et al. established strain-based ISC criteria for separators based on a detailed battery model 

which mode the battery components in detail, respectively 31, 32 (Fig. 3). Those criteria are 

useful for engineers and serve as an important mechanical-electric coupling relationship in 

multiphysics modeling.  

 
Figure 3 Failure criteria established based on simulation and experimental data 5, 31, 32. 

1.2.3 Thermal runaway triggering and propagation 

TR is one of the most severe consequences that could cause fatality incidents10, 15. The 

Joule heat produced by the ISC process provides the initial energy before the temperature 

reaches the threshold value of TR. TR is one of the most serious consequences of ISC. 

Generally, TR occurs when an exothermic reaction develops out of control [18]. When the 

temperature is high enough, the reaction heat production rate will be triggered and becomes 

much higher than the heat dissipation rate, and the temperature increases irreversibly (Fig. 

4). The mechanisms of thermal reactions are continually studied and gradually unraveled. 

Based on the theories of thermal reactions, many TR models have been established based 

on theoretical equations and finite element (FE) computational techniques. The models are 
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mainly based on Arrhenius formulations and provide related activation energies and the 

enthalpies of various decomposition reactions for the compounds 69, 70. With the help of 

capable equipment, e.g., high-speed X-ray imaging, many details of the mechanisms of 

thermal runaway inside cells were further revealed 71, 72. 

When the TR of the first battery of a battery pack is triggered, the neighboring 

batteries will be heated and probably triggered to yield runaway reactions in some specific 

scenarios 8. This phenomenon, called TR propagation, can lead to catastrophic hazards 

within battery packs 9, 73. To determine the behavior and mechanisms underlying this 

phenomenon, several theoretical and numerical experiments were conducted 12, 74, 75 (Fig. 

4). Numerous experiments show that thermal conduction, thermal radiation, and thermal 

accumulation during fire heating are three important factors for TR propagation, no matter 

for cylindrical cells 76, prismatic cells 77, 78, or pouch cells 13. Among these factors, thermal 

contact 79, interspacing and appropriate fire retardant materials between the cells are 

required to hinder fire propagation 80, 81.  

 

Figure 4 Experimental results of TR and TR propagation test 8, 11. 
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1.2.4 Safety risk evaluation based on multiphysics modeling 

Considering the safety issues as well as time- and cost-effectiveness, multiphysics FE 

models of batteries were established and validated to provide a reasonable description of 

force responses, deformation, stress field, and strain field 4, 5, 21, 30, 32, 82. 

In the electrochemical field, the typical 1D battery model developed in recent years 

83-86  has been able to satisfactorily predict battery electrochemical behavior. To simplify 

the model, an equivalent circuit is usually used to simulate the ISC. The ISC criteria are 

used to bridge the electrochemical model and the mechanical model. Besides, the Arrhenius 

equation has been mainly used to describe the decomposition reaction rate for the TR 18, 48. 

In the thermal field, heat sources were extracted from the battery electrochemical heat, 

short-circuit joule heat, and TR reaction heat 43, 87, 88 while the heat dissipation consists of 

heat radiation, convection, and battery venting. In the mechanical field, both homogeneous 

5, 89, 90 and detail models 32, 91, 92 were developed. Possible improvements, such as the 

introduction of anisotropy, strain rate effects, and SoC effects, were also achieved 30, 93.  

Based on the battery electrochemical model and electrical/ thermal equations, Guo et 

al. developed a multiphysics model for a Li-ion battery module that includes three cells 

connected in series. The model can predict the 3D profiles of the electrical potentials and 

temperature in the battery 94. Chiu et al. then considered short circuit and TR modeling via 

artificially giving a potential value at the positive end of the battery in their model 43. The 

model can accurately describe the voltage during ISC and temperature during TR. To 
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establish the relationship between structure fracture and ISC in multiphysics modeling, 

Zhang et al. further involve a representative-sandwich (RS) based mechanical model. Their 

model uses the maximum tensile failure criterion and calculates the current flow across the 

failure component layers 37, 95. Based on that progress, Liu et al. proposed a fully coupled 

multiphysics computational framework model in COMSOL to describe the complete 

process from initial deformation to the final TR 48 (Fig. 5). Furthermore, a more detailed 

FE geometry modeling 1, 19 was developed, and further extended to the active particle level 

96. However, due to the computational intensity, the fully coupled multiphysics framework 

cannot directly be applied to large-scale simulations, such as module- or pack-level 

simulations 21. Thus, Deng et al. applied the composite “Tshell” elements of LS-DYNA in 

the coupled model to reduce the number of elements and, therefore, computational time 

considerably 97. Case studies indicated that the composite “Tshell” elements can achieve 

comparable results in multiple solvers with much less time 97, 98.  

 

Figure 5 Multiphysics modeling framework of LIBs 48. 

To enhance the efficiency and the accuracy of the FE model, the emerging machine 
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learning (ML) methodology was used to assist the battery safety evaluation and design 99-

104. Recently, Li et al. demonstrated a data-driven safety envelope predicted by several 

typical classifications and regression ML algorithms, including Artificial Neural Networks 

(ANN) and Support Vector Machines (SVM) 105. The training samples were generated from 

a detailed FE model developed based on several material tests and cell tests (Fig. 6). This 

method overcomes the limitation of computational sources. Apart from the prediction of 

ISC based on mechanical features, Naha et al. develop an online ISC detection using a 

Random Forests (RF) classifier 99. The training features are obtained from battery current 

and voltage data. Attia et al. and Severson et al. developed data-driven models that can 

accurately predict the cycle life using early-cycle data 101, 106. The good performance 

stemmed from their understanding of the capacity degradation mechanism of the selected 

cells 101, 106. The models greatly reduced the calculation and experimental time as well.  
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Figure 6 Evaluation of battery safety under mechanical loading based on ML methods. 

1.3 Challenges and motivation 

As mentioned above, several experimental, theoretical, and numerical studies have 

provided us with some understanding of the multiphysics behaviors of LIBs. Multiphysics 

models of batteries were established and validated to provide a reasonable description of 

force responses, deformation, stress field, and strain field 4, 5, 21, 30, 32, 82. In terms of short-

circuit triggering prediction. Those studies proposed either strain- 31 or stress-based 32, 82 

failure criteria to indicate the boundary of ISC for a cell upon external mechanical loading. 

However, the results are still not satisfactory due to: (1) the limited generalization of the 

model; and (2) the stochastic nature of the complicated battery cell in material and 

electrochemical properties as well as possible assembling defects. In terms of safety risk 

evaluation, traditional methods estimation usually relies on empirical models and aims to 
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detect short circuits in the initial stage 107. Commonly selected indicators are directly 

measurable variables 108, e.g., current, voltage, and temperature, as well as calculated 

variables 65, 109, e.g., internal resistance and level of battery consistency (for battery pack)110. 

However, short circuits may happen in a variety of scenarios. The value of short circuit 

resistance also has a very large range (from hard ISC with TR to soft ISC which only lead 

to minor defect 1, 19). Single characteristics or thresholds cannot capture all short circuit 

behaviors and consequences of short circuits are not always high-risk issues 19. Thus, in 

my thesis work, the very fundamental issues, including ISC, TR, TR propagation, and 

defect (produced by specific external loadings), will be studied based on multiphysics 

modeling and experiment. Furthermore, the related safety risk will be defined, and the 

corresponding evaluation methods will be developed based on experimental data, 

numerical computation, and data-driven methodology combined manner. 

1.4 Chapter arrangement 

Chapter 2 introduces some basic conceptions, definitions, and multiphysics modeling 

frameworks used in this dissertation. Chapter 3 presents the development of the ISC risk 

prediction model that can accurately predict the safety risk of lithium-ion batteries induced 

by mechanical stress. Chapter 4 discusses the establishment of the battery safety risk 

classification model that can accurately and quickly predict the safety risk level of the LIB 

cells during the charging/ discharging. Chapter 5 focuses on the safety issues of defective 

cells, especially aiming at the electrochemical performance, thermal safety, and mechanical 
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integrity of the battery. Chapter 6 provides an efficient yet accurate pack level TR model 

that is constructed based on theoretical analysis. Chapter 7 summarizes the conclusions of 

this dissertation. 
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CHAPTER 2 MULTIPHYSICS BATTERY SAFETY BEHAVIORS 

In this chapter, multiphysics behaviors and mechanisms of two milestone events, ISC 

and TR, are discussed, some basic conceptions, definitions, and the multiphysics modeling 

frameworks used to describe cells in this dissertation are provided. According to safety 

behaviors and corresponding mechanisms, two kinds of risks, including ISC triggering risk 

and safety risk level, are defined to evaluate the safety risk of the cell. The ISC risk is 

defined as the possibility of the triggering of the ISC under a given mechanically loading 

condition. Further, four representative safety risk levels are defined. Finally, a general 

battery multiphysics modeling framework is provided. The sub-models and corresponding 

coupling relationships are also presented. 

2.1 ISC risk 

ISC happens when the anode contacts with the cathode. The direct cause is the 

deformation or disfunction of the separator 16. Abusive conditions, such as mechanical 

loading, over-heat, and over-charge may directly trigger the ISC for cell 45. Here we focus 

on mechanically triggered ISC. In mechanical abusive experiments, short circuit triggering 

can be recognized by voltage drop and temperature rise 29, 30, 65. Considering nonlinearity, 

complexity, and uncertainty of the safety behaviors of LIBs, the safety risk Y  is defined 

as the probability of the triggering of ISC. According to experimental results 111, ISC is 

triggered when the loading force reaches a specific value (Fig. 7), defined as the short 

circuit force ISCF  here. ISCF  distribute within a value range. Thus, we suppose ISCF  
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follows a one-dimensional Gauss distribution, 
2

ISC g g( , )F N   . The two parameters, i.e., 

the mean ISC force g  and the variance 
2

g , of the used gaussian possibility density 

distribution function, are calculated from a group of measured ISC forces: 
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We also have the mapping :g s F→ , where s is loading displacement. Thus, safety 

risk can be expressed by the function of s,  
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Figure 7 Achievement of the safety risk. 

2.2 Safety risk levels 
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When ISC is triggered, the joule will provide the initial energy for the triggering of the 

exothermic reactions or phase changes. When the temperature is high enough, the related 

exothermic reactions will be triggered. The reactions will produce heat and lead to further 

temperature increases. When the heat production rate becomes much higher than the heat 

dissipation rate, the temperature increases irreversibly, which means TR occurs (case 1 in 

Figure 8) 10. When the ISC joule could not provide enough initial energy, TR will not be 

triggered (cases 2 in Figure 8a)19. However, for some cases, such as pouch cells with 

medium SOC under small mechanical indentation, the voltage can recover almost to its 

original value in a short period with relatively minor voltage drops and small temperature 

rise (cases 3 in Figure 8a) 19. The recovered cells are a kind of defective cell that can work 

as normal (Figure 8b) 1. Those complicated evolution processes are mainly determined by 

cells’ electrochemical status (e.g., SOC), triggering conditions (e.g., contact mode and 

contact area), and initial conditions (e.g., temperature). Thus, the safety risk is hard to be 

quantized or predict by any single indicator. However, according to the safety risk level of 

different types of behaviors after short circuit triggering, cells’ status can be classified. Here 

four levels are defined: (1) Normal cells (L0): the cell is intact and works normally; (2) 

Defective cells (L1): the cell is shorted before, but the short circuit resistance shortR  is 

large enough (101~103Ω) so that it still works similarly as normal with a minor short circuit 

or current leakage under cycling conditions; (3) Shorted cells without possible TR risk (L2): 

the cell is shorted (no longer work normally), but the TR will never happen due to its 
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limited heat generation under the current boundary conditions; (4) Shorted cells with 

possible TR risk (L3): the cell is shorted, and the TR will happen under the current 

boundary conditions in the future. Two typical scenarios can cause/exhibit battery safety 

issues, i.e., cycling test (long-term) and abusive testing (short-term). 

 

Figure 8 Different short circuit evolution processes. (a) voltage/ temperature behaviors of 

three common evolution processes. (b) comparison of voltage behaviors between normal 

cells and defective cells. 

2.3 Multiphysics modeling framework 

The multiphysics modeling framework consists of sub-models and coupling 

relationships among them. The sub-models and coupling relationships can be modified 

according to actual need and boundary conditions. 

2.3.1 Sub-models 
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The modeling framework has five sub-models (Fig. 9):  

(1) Mechanical model: solve the deformation, stress, strain state with cell’s material 

properties and boundary conditions. Newton’s second law is used: 

 
2
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u
F S F ,  (5) 

where X  is the material coordinate. 

(2) Battery electrochemical model: solves the voltage and short circuit current of the 

cell based on thermal and short circuit conditions. The classical 1D battery model was first 

established by Newman et al. 112. In this model, the mass balance and charge balance of 

electrolytes is expressed as 48 

 ( )( )
( )( )

( )
d In2

(1 )(1 ) In
d In

l l
l eff l

eff g

l eff l l

l

c i t
D c

t F

fk R T
i k t c

F c





+

+


= −  + 


 = −  + + − 



,  (6) 

where 1 dIn dIn lf c+  is the molar activity coefficient; gR  is the gas constant, and F  

is Faraday’s constant. The 1D battery model utilizes half of the thickness of the cathode 

and anode, as well as the entire thickness of the separator. Depending on the situation, a 2-

D or 3-D model can also be built 98. 

(3) Short circuit model: simulates the short circuit and corresponding heat generation 

process. The equivalent circuits before and after the short circuit are shown in Fig. 8. The 

voltage and current are provided by the battery model. According to Ohm’s law, the short 

circuit current is 

 cell
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R R
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According to Joule’s law, the short circuit heat is 

 2

shortshort shortQ I R= ,  (8) 

(4) Heat transfer model: solves thermal field based on initial conditions, boundary 

conditions, and heat sources from battery model and short circuit model. The dominant 

equation is: 

 p

T
C Q

t



+ =


q ,  (9) 

where   is the material density, pC  is the constant pressure thermal capacity, T  is 

temperature, Q  is the total heat power, and q  is the heat flux, that can be written as 

 k T= − q ,  (10) 

where k is the thermal conductivity.  

The heat sources Q  consist of heat from the battery model cellQ , joule heat from the 

short circuit model shortQ , and TR reaction heat from the TR model. Natural convection in 

the free surface convQ  and heat transfer between the cell and fixtures transQ  can also 

considered. Thus, heat power Q  equals to 

 short cell conv transQ Q Q Q Q= + + + ,  (11) 

where convQ  equals to: 

 conv ( )conv c ambQ S h T T= − ,  (12) 

where cS  is the free surface area, ambT  is the ambient temperature, convh  thermal 

convection coefficient. transQ  can be written as: 

 ( )trans t t ambQ S h T T= − ,  (13) 
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where tS  is the total contact area, th is an equivalent coefficient. 

(5) Thermal runaway model: simulates thermal runaway triggering and its heat 

generation process. In the TR model. A group of Arrhenius equations was used to describe 

the reaction rates of the decomposition of the cell constituents75: 
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where x represents different reactions including SEI decomposition, the reaction between 

cathode and electrolyte, electrolyte decomposition, the reaction between anode and 

electrolyte, separator decomposition, the intense ISC caused by separator collapse and 

direct contact between anode and cathode. The exothermic reaction heater source is 

calculated by 18, 88: 
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where xh  is the reaction enthalpy, xm  is the mass density, c, xT  is triggering 

temperature. 

2.3.2 Coupling relationships 

(1) Electro-mechanical coupling (relationship 1 in Figure 9) 

The mechanical model and electrochemical model are coupled by the ISC criteria. 
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The ISC criteria are the critical stress or strain state of the cell when the ISC is triggered. 

At present, three types of ISC criteria (for homogeneous model) are available based on the 

stress, i.e., maximum principal stress criteria, Mohr-Coulomb criteria, and unified strength 

criteria 45. The short circuit resistance can be regarded as a function of the stress/ strain 

state. It is generally set as an empirical value or an empirical curve. Then, the short circuit 

current can be calculated by the electrochemical model. 

(2) Electrical relationship (relationship 2 in Figure 9) 

The electrochemical model transfer cell voltage to the short circuit model. The short 

circuit model calculate the short circuit current based on Ohm’s Law and return short circuit 

current to the electrochemical model  

(3) Thermo-mechanical coupling (relationship 3 in Figure 9) 

The mechanical model provides the thermal model with deformed geometry. And 

temperature field also influences material properties used in the mechanical model. 

However, thermal effects on material properties are usually ignored in multiphysics 

modeling due to its high computational cost. 

(2) Electro-thermal coupling (relationships 4 and 5 in Figure 9) 

The electrochemical model and short circuit model provide the thermal model heat 

sources. The heat generation includes joules heat of the resistance of current collector and 

short circuit resistance, produced reaction, polarization, and irreversible heat 19. The heat 

transfer model returns temperature to the two models. 
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(4) Thermal relationship (relationship 6 in Figure 9) 

The thermal runaway model obtains the temperature field from the heat transfer model 

and calculates the reaction rates of the related exothermic reactions and returns the heat 

generation rate to the heat transfer model.  

 

Figure 9 Framework of the multiphysics modeling. 
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CHAPTER 3 INTERNAL SHORT CIRCUIT RISK UPON MECHANICAL ABUSIVE 

LOADING 

In this chapter, we experimentally investigate the ISC triggering behavior, first define 

ISC risk induced by mechanical stress, and develop data-driven models that can accurately 

predict the ISC risk of the cell. A numerical computational model based on the RVE 

perspective was constructed to accurately describe the mechanical behavior and achieve 

the strain states under different loading conditions. Based on the validated FE model and 

experimental statistics, we generate a dataset ranging from 0% SOC to 60% SOC. SVR 

with Radial Basis Function (RBF) kernel is used to predict the ISC risk based on the strain 

state. The safety risk prediction high-level performance of the SVR predictors is indicated 

by various testing cases and scenarios. 

3.1 Methods 

3.1.1 Mechanical loading tests 

The quasi-static mechanical tests of the batteries were carried out with a SUNS 

material testing system with a 200-kN capacity (Fig. 10). Various platens and anvils were 

used to realize different loading conditions, such as platen for compression, 5 mm cylinder 

indenter, and different sizes of spheres (1, 1.5, 2, 2.5, 20 mm in diameter) for indentation 

test, and two 5 mm cylinder supporters for the bending test. Samples were placed on the 

corresponding supporter and applied a 100 N-preload to eliminate the possible gap between 

the sample and indenter. The loading speed was set as 5 mm/min for cylindrical cells and 
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0.5 mm/min for stacked-layer samples and pouch cells. The open-circuit voltage of the 

battery samples were simultaneously measured by A 34970 Agilent digital multimeter. The 

triggering of ISC was judged by the voltage signal (voltage decreasing). To improve the 

data quality, we conducted a large amount of LIB mechanical loading tests (13 scenarios, 

75 tests for cylindrical cells; 6 scenarios, 30 tests for pouch cells) (Table 1). Thus, the 

experimental results cover the strain states to the largest extent.  

Table 1 Summary of the experimental setup. 

Cell 

types 

Sample 

types 

Group 

number  

Loading  Size or position SOC Loading 

speed 

Cylindric

al cell 

Stacked

-sample 

1 Indentation 
5mm cylinder 

radial direction 
0% 

0.5 

mm/min 
2 Indentation 

6mm cylinder axial 

direction 
0% 

Cell 

3 
Compressio

n 

 

0% (battery length) 

-offset, radial 
0% 

5 

mm/min 

4 0%-offset, radial 60% 

5 50%-offset, radial 0% 

6 50%-offset, radial 60% 

7 

Indentation 

0-degee (central 

axial) 
0% 

8 0-degree 30% 

9 0-degree 60% 

10 45-degree 0% 

11 45-degree 60% 

12 

Bending 

 

50mm-span 0% 

13 50mm-span 60% 

14 40mm-span 0% 

15 40mm-span 60% 

Pouch 

Cell 

Stacked

-sample 

16 

Indentation 

1 mm-particle 0% 

0.5 

mm/min 

17 1.5 mm-particle 0% 

18 2 mm-particle 0% 

19 2.5 mm-particle 0% 

Cell 
20 Indentation 20mm-particle 0% 

21 Compressio Out-of-plane 0% 
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Figure 10 Schematic diagram of the experimental designs and mechanical test platform. 

To prepare stacked-layer samples, we disassembled batteries. The component 

materials, including the anode, cathode, and separator (Fig. 11a), were cut into squares with 

a dimension of 30m×30mm and stacked together. 



25 

 

 
 

 

Figure 11 Tests of stacked-layer samples of 18650 cells (a) The stacking structure of the 

battery jellyroll. Experimental designs of stacked-layer samples: (b) cylinder radial 

indentation; (c) cylinder axial indentation. 

3.1.2 Finite element simulation 

The mechanical models are developed by Altair Hypermesh and solved by the 

nonlinear FE solver RADIOSS. Material card MAT28 is used to describe the material 

properties. The boundary conditions are set the same as the experimental designs. A general 

contact type (TYPE 7) is used to describe both the part-to-part contact and self-contact. 

The material properties of the battery components are not directly used in the finial cell 

model due to its high demand for computing. Here, we employ an equivalent material 

property for the homogenized element according to the periodicity of the layered structure. 

Thus, the total element number and calculation cost are significantly reduced. The 
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calculation times for the mechanical models are around 1 hour at Intel core i7 CPU 1.80 

GHz 8 cores. The FE models are validated by comparing the load-displacement curves 

between simulation and experimental results (Figs. 12-16).  

 

Figure 12 Radial compression tests of 18650 cells. (a) 0%-offset, 0%; (b) 60%-offset, 0%; 

(c) 0%-offset, 50%; (d) 60%-offset, 50%; 



27 

 

 
 

 

Figure 13 Indentation tests of 18650 cells. (a) 0-degree, 0%; (b) 0-degree, 30%; (c) 0-

degree, 60%; (d) 45-degree, 0%; (e) 45-degree, 60%. 
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Figure 14 Three-point bending of 18650 cells. (a) 50mm-span, 0%; (b) 50mm-span, 60%; 

(c) 40mm-span, 0%; (d) 40mm-span, 60%; 
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Figure 15 Tests of stacked-layer samples of pouch cells. (a) D = 1 mm; (b) D = 1.5 mm; 

(a) D = 2 mm; (b) D = 2.5 mm; 

 

Figure 16 Tests of pouch cells. (a) out-of-plane compression; (b) 20mm-diameter sphere 

indentation. 

3.1.3 Machine learning algorithm 

The ML algorithm SVR with RBF kernel is trained to develop the data-driven safety 
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risk prediction model (APPENDIX A). To increase the model stability and reduce 

complexity, we perform the data standardization and matrix dimensionality reduction. Y is 

mapped to the range ( ),− +  before feeding the data to improve the stability of the 

predicted curves: 

 
1

ln( 1)Y
Y

 = − − ,  (16) 

and the predicted Yp should be calculated by the following equation after predicting: 

 
p

p

1

1
Y

Y
e
−

 =
+

,  (17) 

where 
PY  is the prediction. Three hyper-parameters, 

SVRC , 
SVR , and 

SVR , are 

optimized via the exhaustive grid search program. The training results and durations are 

listed in Table 5. The ML models are validated by comparing ISC risk-displacement curve 

between predictions and statistical data (Fig. 18). 

A Support Vector Machines (SVM) problem is a quadratic programming problem 

(QP). The algorithm complexity of the QR solver is between 
2

feature sample( )O n n , and 

3

feature sample( )O n n . The computational requirements increase quicker with the number of 

training vectors samplen  rather than the feature number featuren . Thus, SVMs are suitable for 

the ISC prediction problem because the feature number is very large while the training 

sample is relatively small. The time cost is trivial in the magnitude of seconds (Table 5).  

3.2 Results and discussion 



31 

 

 
 

3.2.1 Data generation 

To validate the methodology, we selected two common types of commercially used 

LIBs in this study, i.e., cylindrical cell and pouch cell. The cylindrical cell is a type of 

18650 cell with NCA cathode and graphite anode widely used in electric vehicles. The size 

is 18 mm (diameter) ×65 mm (length). The pouch cells with LCO cathode and graphite 

anode are widely used in cellphones and computers. The dimension is 82 mm×63 mm×

4.4 mm. Generally, a LIB cell consists of a battery casing, a winding structure jellyroll, 

and some other minor electrical and structural parts (Tables 2 and 3). 

Table 2 Basic information of cylindrical cells. 

Parameters Value 

Nominal capacity 3.350 Ah 

Charging cutoff voltage 4.2 V 

Discharging cutoff voltage 3.7 V 

Cathode thickness 0.17 mm 

Anode thickness 0.2 mm 

Separator thickness 0.016 mm 

Cathode material NCA 

Anode material Graphite 

Separator material PP/PE 

Cathode collector material Al 

Anode collector material Cu 

Al plastic film Al plastic film 

Layer number 19 

 

Table 3 Basic information of pouch cells. 

Parameters Value 

Nominal capacity 3.350 Ah 

Charging cutoff voltage 4.4 V 

Discharging cutoff voltage 3.7 V 

Cathode thickness 0.26 mm 

Anode thickness 0.21 mm 

Separator thickness 0.016 mm 
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Cathode material LiCoO2 

Anode material Graphite 

Separator material PP 

Cathode collector material Al 

Anode collector material Cu 

Al plastic film Al plastic film 

Layer number 24 

 

The LIB mechanical models are developed based on the Representative Volume 

Element (RVE) method to ensure generality and calculation efficiency. For cylindrical 

cells, the RVE model of the jellyroll consists of two layers of the anode, two layers of the 

cathode, and four layers of the separator (Fig. 17a). An orthotropic crushable foam material 

model is used for these three component materials. The material properties of the jellyroll 

are obtained from material tests. The yield curves in the ZZ, and XX/YY directions are 

obtained from the out-of-plane compression (Fig. 17b) 32 and in-plane tension tests (Fig. 

17c) 2, 113, 114. As such, the RVE model can calculate the equivalent stress-strain curve in 

all three directions (Fig. 17d). Then, the detailed RVE can be represented by a 

homogenized equivalent element. The equivalent material properties are used to develop 

cell models. Here, a transversely isotropic crushable foam material model is used to 

develop the homogenized equivalent element. Also, the steel shell of the cylindrical cells 

with a thickness of 0.012 mm is considered. Johnson-Cook model is used to describe the 

elastoplastic behavior of the shell 114. All the other trivial mechanical parts, such as the 

pressure release mechanism, are ignored. Similarly, for the pouch cell, the jellyroll is 

modeled in the same way, and the material properties are taken directly from our previous 
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work 19. The pouch cell casing is ignored here due to its low stiffness and thin thickness 

(about 0.1 mm, at least an order of magnitude smaller than the thickness of the cell) 37, 66. 

 

Figure 17 Finite element modeling methods of cells. (a) Mechanical modeling flow chart 

and testing curves of cell constituents in (b) the ZZ direction and (c) XX/ YY directions. (d) 

Equivalent stress-strain curves are computed from the RVE model. 

To validate the mechanical models and generate a sufficient dataset, we conducted 

mechanical tests of two types of testing samples, including stacked-layer samples and 

single-cell samples. Representative mechanical loading conditions, including compression, 

indentation, and bending, were selected (Fig. 10). The stacked-layer samples were used to 

validate the mechanical RVE model and to generate the training dataset of jellyroll (Fig. 

11a). For cylindrical cell stacks (32 layers), we conducted indentations in the axial direction 

(Figs. 18a and b). For pouch cell stacks (24 layers), sphere indentation tests with four sizes 

were designed (Fig. 18c).  

The single-cell samples were mainly used to validate the cell mechanical model to 

generate the testing dataset and part of the training dataset (cross template prediction 
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among loading conditions). The single-cell samples are prepared by a cycler. The cells 

were fully discharged and then charged to the target State of Charge (SOC) = 0.3 and 0.6, 

respectively. For cylindrical cells, six loading conditions were designed, including 0%- and 

50%-offset compression (Figs. 18d and e), 0- and 45-degree indentation (Figs. 18f and g), 

as well as 50mm- and 40mm-span three-point bending conditions (Figs. 18h and i). For 

pouch cells, out-of-plane compression and 20mm-radius sphere indentation were designed 

(Figs. 18j and k). All experiments were repeated 5 times to ensure repeatability. The FE 

model accurately predicts the mechanical response at various conditions (Fig. 19). Note 

that even if some points in the force-displacement curves have some discrepancy to the 

testing data, the effect on the overall accuracy of predicted safety risk is limited. Because 

in this study, the ML model is used to predict if the short circuit battery occurs (i.e., short 

circuit possibility) at a specific loading condition (deformation/strain). Thus, the training 

samples (points in the force-displacement curves) within the vicinity of the ISC triggering 

point (e.g., 5mm-7mm in Fig.19, short circuit possibility Y increase from 0 to 1) weigh 

much more in the output Y. Thus, for the data samples in the early stage, e.g., Y is zero (or 

close to zero), the deviation in load-displacement affects the results little.  
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Figure 18 Experimental designs and test results. Experimental results of stacked-layer 

samples: (a) cylinder radial indentation; (b) cylinder axial indentation of cylindrical cells, 

and (c) particle indentation of pouch cells. Experimental results of single-cell samples: (d) 

0%-offset compression, (e) 50%-offset compression, (f) 0-degree indentation, (g) 45-

degree indentation, (h) 50mm-span three-point bending, and (i) 40mm-span three-point 

bending of cylindrical cell; (j) out-of-plane compression, and (k) 20mm-diameter sphere 

indentation of pouch cells. 

Considering nonlinearity, complexity, and uncertainty of the safety behaviors of LIBs, 

the safety risk, defined as the probability of the triggering of ISC, is set as Y . In terms of 
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feature selection (FS), the most important goal is to select a group of the most 

representative features based on the original data 115. In the mechanical stress-driven 

scenarios, ISC is expected to be highly dependent on the deformation of cells or the 

component materials. Thus, the most representative feature is the strain state of the battery 

that can be expressed as a strain field variable ( , , )x y zε , a six-dimension vector. Thus, 

without loss of generality, the argument vector X should be a high-dimensional vector that 

describes the feature of the strain state of the battery. Considering that the strain field 

cannot be directly obtained from experiments, the finite element simulation described 

above is used to assist the data generation.  

For a specific loading condition (Fig. 19a), the strain field ( , , )x y zε  of the jellyroll 

can also be written as the function of displacement s, i.e., ( , , ) ( )x y z f s=ε , where ε is a 

six-dimensional vector. The six dimensions are six strain components, i.e., 

, , , , , andxx yy zz xy yz zx      . According to the periodicity and continuity of the jellyroll, we 

ignore the position information and map the strain state ( , , )x y zε  of all points (or 

elements) into a six-dimensional space 6
R (visualized by two 3

R spaces in Fig. 19a). The 

region formed by the mapping represents the current strain state of the jellyroll (black dot 

line in Fig. 19a). Standardize the components by the equation: 

 
,min

,max ,min

i i

i

i i

 


 

−
 =

−
, (18) 

where ,mini  is the minimum value and ,maxi  is the maximum value for all points (or 

elements), and discretize the space by a step of 0.1. The area can be expressed by a six-
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dimensional matrix ( , , , , , 0,1,2...10)ikllmnh i j k l m n→ =ε . It satisfies: 

 
 

 

1,  (area , , , , ,  is covered (red cube))

0,  (area , , , , ,  is not covered (blank)) 
ikllmn

i j k l m n
h

i j k l m n


= 


. (19) 

 

Figure 19 Generation methodology of the argument vectors and their mapping relationship. 

(a) the generation of argument vector X, (b) the mapping relationship between X and Y. 

( , , , , , 0,1,2...10)ikllmnh i j k l m n =  is finally transferred to the argument vector X with a 

dimension of 106 (compress all dimensions to one dimension): 

 0,0,0,0,0,0 1,0,0,0,0,0 10,0,0,0,0,0 10,10,0,0,0,0 10,10,10,10,10,10( ) , ,... ,... ,... .iX s h h h h h =   . (20) 

To improve calculation efficiency, we use the Principal Component Analysis (PCA) 
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before feeding the data. Thus, along the force-displacement curve, several training samples 

can be generated, X and Y can be bridged by s (Fig. 19b): 

( ) ( ) ( )( ) 0 1 2, , ,  , , ...i i i i i TY s Y s s s s s s==X X , where is  can be selected as an arithmetic 

progression and Ts  is the loading terminal displacement in simulation. The same method 

is also applied to other cases (Figs. 12–16), and the samples are obtained and summarized 

(Table 4). 

Table 4 Summary of all the generated training samples. 

Cell 

types 

Sample 

types 

Cases  Group 

No. 

Sample 

Numbe

rs 

Cylindric

al cell 

Stacked-

sample 

Cylinder radial direction indentation, 

0%SOC  
1 70 

Cylinder axial direction indentation, 

0%SOC  
2 70 

Cell 

0%-offset radial compression, 0%SOC  3 140 

0%-offset radial compression, 60%SOC  4 140 

50%-offset radial compression, 0%SOC 5 140 

50%-offset radial compression, 

60%SOC 
6 140 

0-degee indentation, 0%SOC 7 180 

0-degree indentation, 30%SOC 8 180 

0-degree indentation, 60%SOC 9 180 

45-degee indentation, 0%SOC 10 180 

45-degree indentation, 60%SOC 11 180 

50mm-span bending, 0%SOC 12 180 

50mm-span bending, 60%SOC 13 180 

40mm-span bending, 0%SOC 14 180 

40mm-span bending, 60%SOC 15 180 

Pouch 

Cell 

Stacked-

sample 

1mm-particle indentation, 0%SOC 16 80 

1.5mm-particle indentation, 0%SOC 17 100 

2mm-particle indentation, 0%SOC 18 110 

2.5mm-particle indentation, 0%SOC 19 120 

Cell 
20mm-particle indentation, 0%SOC 20 200 

Out-of-plane compression, 0%SOC 21 220 
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3.2.2 Machine learning approach and safety risk prediction. 

The safety risk prediction consists of both offline and online processes (Fig. 20). 

During the offline process, the dataset is generated, and a data-driven safety risk prediction 

model is developed. Here, the SVR with RBF kernel from the open-source library scikit-

learn is used because it is memory efficient, versatile, and effective in high dimensional 

spaces 116. In the online processes, the boundary conditions and loading displacement will 

be input into the mechanical model. After the calculation of the FE model and the data 

processing, the strain state vector Xp is calculated and fed into the safety risk prediction 

model. The model then will return the safety risk Yp. Four predictors are designed and 

trained to demonstrate the performance of the methodology (Table 5). 6-fold cross-

validation is conducted to avoid over-fitting. The mean score and the standard deviation 

are also summarized (Table 5). 

 

Figure 20 The flow chart of the offline training and online prediction processes. 

Table 5 The training/ testing sample combinations and corresponding model parameters. 
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Predictor  Battery 

types 

Training 

samples 

Hyper-

parameters 

(CSVR, 

γSVR, εSVR ) 

Cross-

validation 

scores 

(mean value,  

standard 

deviation) 

Training 

time (s) 

Testing 

samples 

1  Cylindrical  1, 2 (1e3, 4.5e-

3,1e-3) 

(0.958, 0.009) 0.335 3, 7, 12 

2 Pouch 16-19 (1e3, 1e-

3,1e-2) 

(0.933, 0.014) 1.570 20, 21 

3  Cylindrical 7, 9 (5e2, 1e-

5,1e-2) 

(0.985, 0.004) 1.484 8 

4 Cylindrical 3,4,7,9,1

2,13 

(5e2, 1e-

5,1e-2) 

(0.987, 0.003) 9.545 5,6,10,11 

Take the indentation of the cylindrical cell, for example. The loading F gradually 

increases, and the safety risk Y keeps zero at first when the battery is mechanically loaded 

(Fig. 21a). When the loading force or displacement is large enough, Y starts increasing and 

reaches 1 rapidly. According to the safety risk, the loading process can be divided into 

three main stages: (1) Stage I: Low risk, safety risk close to zero, indicating almost no ISC 

risk; (2) Stage II: Medium risk, safety risk increases drastically with displacement/force; 

and (3) Stage III: High risk, ISC will probably occur. Satisfactory prediction results can be 

observed for both the numerical simulation model for force-displacement curves and the 

ML model for the safety risks. Cells under other mechanical loading conditions show a 

similar safety risk trend, except for the three-point bending cases (Figs. 21a-c). 

Interestingly, the experiment showed that the ISC was not triggered upon three-point 

bending and the ML model is also capable of predicting the safety risk with low values, 

indicating no ISC will be triggered. R2 (coefficient of determination) regression score 
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function is employed to indicate the goodness of fit. Here, the dataset for 18650 cylindrical 

cells consists of 140 training samples obtained from two stacked-layer tests, cylinder radial 

direction indentation (Fig. 11a), and cylinder axial direction indentation (Fig. 11b). 

Similarly, the model for pouch cells trained by 410 samples obtained by the stacked-layer 

tests under several indentation loadings (Figs. 15a-d), also provides a satisfactory 

prediction of ISC risk (Figs. 21d-e). These results prove the good performance and the 

generality of the ML modeling method to predict the safety risk of lithium-ion batteries.  
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Figure 21 Safety risk evaluation of two types of cells under testing loading conditions. 

18650 cylindrical cells under (a) radial compression loading, (b) indentation loading, and 

(c) three-point bending. And pouch cells under (d) compression loading, and (e) 20mm-

diameter sphere indentation loading. (Predicter 1 for Cases a,b, c and Predict 2 for Cases 

d, e) 

3.2.3 Generalization 

In real-world engineering application scenarios, battery or vehicle designers may not 

have full access to the cell testing in various scenarios, e.g., cells with various state-of-

charges (SOCs) or upon different loading scenarios. In this case, the model established in 
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this work can also provide a satisfactory cross-template prediction by using the results of 

some available cell loading tests to evaluate the safety risk of batteries with different SOCs 

whose safety risks are unknown such as to further facilitate battery safety status monitoring 

during operation.  

According to some previous work, SOC of cells would have an obvious impact on the 

mechanical responses and ISC behaviors 29, 33, 34, 39. The indentation tests of the cylindrical 

batteries also indicate that with the increase of SOC, the force response increases, and the 

ISC occurs earlier (Fig. 22a). Here the results of 0%-SOC, 60%-SOC indentation tests 

(Figs. 12a, c) are used to generate the training dataset (360 samples) and then predict the 

safety risk of the 30%-SOC case. SOC, a real number with a value from 0 to 1, is considered 

as an additional feature in the input vector X. The yield curves are considered proportional 

to SOC, written as  

 ( , ) ( , 0)ii ii iih SOC k h SOC  = =  = ,  (21) 

where k is a constant value. The results indicate that the model provides a good 

interpolation prediction of the 30%-SOC case (Fig. 22b).  

Similarly, we can use some known loading test results to train the model and obtain 

an extrapolation prediction of cells under other target loading conditions. Here, the results 

of the 0%-offset radial compression tests (Figs. 12a-b) and 90-degree indentation tests 

(Figs. 13a, c) of the cylindrical cell at 0%/ 60% SOC is used to generate the data set and 

train the model (640 train samples). Then, the model is tested to evaluate the safety risk of 
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the cells under four testing cases, 50%-offset radial compression (0%/ 60% SOC) (Figs. 

22c-d) and 45-degree indentation (0%/ 60% SOC) (Figs. 22e-f). Results demonstrate that 

the model can also provide satisfactory predictions for various mechanical abuse loading 

scenarios (Table 6). 

 

Figure 22 Safety risk prediction of cylindrical cells at different SOCs and under different 

loading conditions. (a) Safety risks at different SOCs, (b) interpolation prediction of safety 

risk of cells with 30%-SOC under radial compression loading. Extrapolation prediction of 

safety risk of cells under: 50%-offset radial compression at (c) 0%-SOC and (d)-60% SOC; 

45-degree indentation at (e) 0%-SOC and (f) 60%-SOC. (Predicter 3 for Case b and 

Predicter 4 for Cases c-e) 

 

Table 6 Comparisons of the ISC distance between experimental results and ML 

predictions. 
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Predictors 

Test samples 

(group 

numbers) 

ISC displacement (mm) 

(average value ± standard 

deviation) 

Relative Error 

(%) 

Experiment Simulation 

Predictor 1 

3 5.39 ± 0.36 5.40 ± 0.47 0.222 

7 6.34 ± 0.48 6.35 ± 0.85 0.220 

12 - - - 

Predictor 2 
20 1.96 ± 0.07 1.84 ± 0.08 6.12 

21 1.51 ± 0.08 1.43 ± 0.10 5.30 

Predictor 3 8 6.39 ± 1.04 6.35 ± 0.53 0.79 

Predictor 4 

5 5.68 ± 0.11 5.75 ± 0.50 1.32 

6 6.33 ± 0.26 6.60 ± 0.63 4.35 

10 5.38 ± 0.51 5.10 ± 0.60 5.12 

11 5.50 ± 0.65 5.25 ± 0.10 4.55 

 

3.2.4 Rationalization 

3.2.4.1 Advantages 

Besides the versatility of the ML model established, a direct comparison of ISC 

prediction performance between the SVR predictor and a pure mechanical model based on 

the Mohr-Coulomb (MC) failure criterion is conducted (Fig .24) to demonstrate the 

effectiveness of the proposed model in this paper (for the sake of fairness, ML output Y 

here is defined as the fracture possibility). A homogenous FE model is also developed for 

the MC failure criterion (the same as Ref. 5, 45). Three validation cases (training cases for 

the predictor, radial compression, indentation, and 50-mm three-point bending) and three 

testing cases (50%-offset radial compression, 45-degree indentation, and 40-mm three-

point bending) are selected. The homogenous FE model is validated by the three validation 

cases (Simulation 2 in Fig. 23a-c). Based on the suggested methodology in Ref. [7e], the 
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fracture criterion (line), i.e., 1 30.226 0.0277 (GPa) = +  is determined (Fig. 24a). The 

MC criterion cannot well predict the ISC displacement of all the cases simultaneously (Fig, 

24b). We may notice that the MC criterion-based model can well predict Cases 2, 4, 5, but 

the relative errors of Cases 1, 3, 6 are huge and unacceptable. The relative errors of the MC 

criterion range between 10.1%~35.2% for the three prediction cases and up to 36.2% for 

the validation cases. On the contrary, the SVR predictor not only fits the training cases very 

well but also provides satisfactory predictions of the unknown testing cases (Fig. 24b). The 

relative errors are 2.5%~4.3% in our model for the prediction cases and 0% difference in 

the validation cases. Such results from a direct comparison manifest the superiority of our 

model. 

Previously, the ISC criteria or failure criteria is a criterion that uses a linear 

combination of stress-components or strain-components to predict the ISC. In this case, 

when the value of the function is larger than a critical value, the ISC or material failure 

happens. However, there is a major limitation of the traditional ways: the criterion already 

contains pre-set stress or strain pattern. It works well on some simple materials or structures 

while may not on some complicated structures like batteries. Take the MC-based ISC 

criterion, for example. The principal stress is calculated by the equation 1 3eq  = − , 

where 1 3,  are principal stresses calculated from stress components and  is a constant5, 

45. Considering the mechanisms of mechanically triggered ISC and limitations of 

traditional ISC prediction approaches, in this paper, ML method is used to substitute the 
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criterion. Generally, the mechanically triggered ISC is produced by direct contact between 

anode and cathode or deformation of the separator reaches a critical state. Thus, the direct 

reason is the mechanical failure of deformation of the separator. Also, based on the 

periodical layer structure of cells, that cathode, anode, and separator are always layered 

together, the deformation of the separator is often corresponding to the deformation of 

other layers or the overall deformation of the cell. In essence, the deformation can be 

characterized by the intrinsic strain field of the cell. Thus, the ML features come from the 

transformation of the strain field of the cell at the short circuit moment. 

 

Figure 23 Validation of the FE model for the MC criterion. The model is validated by two 

typical loading conditions (a) radial compression, (b) indentation, and (c) 50-mm three-

point bending (Simulation 1: the FE model developed in this paper; Simulation 2: the 

homogenous model developed for MC failure criterion from Ref. 5, 45). 
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Figure 24 Comparison between the SVR predictor and the Mohr-Coulomb failure criterion. 

(a) Determination of the fracture line. (b) Comparison of ISC displacement prediction 

between the SVR predictor and the MC criterion (average value for experiment and the 

SVR predictor). Case 1: radial compression; case 2: indentation; case 3: 50-mm three-point 

bending; case 4: 50%-offset radial compression; case 5: 45-degree indentation; case 6: 40-

mm three-point bending. 

3.2.4.2 Pre-conditions and Limitations 

Due to the underlying principles, it is worthy to note that good performance is 

established based on the following pre-conditions. 

(1) In the experiment design aspect, the dataset should contain samples generated from 

loading conditions. In the meantime, the designed mechanical tests should cover as many 

representative strain or stress combinations as possible, which requires a good 

understanding of mechanics. In this case, the model can fully capture the strain state 

features with a highly confident safety risk probability.  

(2) In the testing sample and operation aspect, the selected sample batteries are 

preferable to have good uniformity, and the designed mechanical is better to have good 

repeatability such that the distribution of the ISC forces or the displacements can be 
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estimated more accurately.  

(3) A high quality of the numerical model is necessary. We demonstrate that the RVE-

based method works cost-effectively and accurately because it can significantly reduce the 

calculation cost while maintaining a reasonable accuracy in terms of the mechanics model 

computation 117. More importantly, the RVE-based model can be more general where it 

can describe various battery formats using basic representative units.  

In the meantime, this methodology has the following limitations:  

(1) The method is only suitable for mechanically triggered ISC because we suppose 

that the triggering of ISC is only related to the strain state (or stress state) of the structures 

where the material coordinates are not considered as features.  

(2) The FE model may introduce possible modeling and computational errors, which 

will be further accumulated in the ML model. It is difficult for the FE model to perfectly 

predict the stress or strain value at each point. Thus, to avoid these errors to the greatest 

extent, the selected features of the ML model should be comprehensive descriptions of the 

strain/ stress field rather than several representative points. 

(3) This trained model can predict the ISC risk under mechanical loading of various 

types of batteries (cylindrical, pouch, and prismatic cells) with the same constituent 

materials. However, if the constituent materials change, the data set should also be updated 

accordingly.” 

(4) The ISC triggering under mechanical behaves in probabilistic ways for many 
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unknown reasons, such as inconsistency of the battery samples. It is safe to use a 

probability to describe the ISC risk under mechanical loading only before its underlying 

mechanisms are clear.  

(5) For future applications involving electrochemical (e.g., Li dendrite/plating, 

particle cracking), and thermal (e.g., separator melting) abuse caused battery safety issues, 

electro-chemo-mechanical models with proper criteria using intrinsic electro-chemo-

mechanical features should be introduced 1, 118, 119. In general, the materials or structures 

fail when their strain states satisfy one specific or several features.  

3.3 Conclusions 

Data-driven modeling based on the prior numerical modeling is a new promising way 

for predicting the safety risk of lithium-ion batteries with significantly reduced time-/cost-

consuming and dangerous safety experiments. In this chapter, we firstly propose the 

concept of safety risk since, for a complicated and highly nonlinear system like the battery, 

the triggering of the internal short circuit contains stochastic factors and cannot be 

determined definitively. With the assistance of numerical simulation and experiments, we 

generate a sufficient number of datasets. We then establish an ML-based model to describe 

and predict the internal short circuit risk of a single cell upon mechanical abusive loading. 

The coefficient of determination R2>0.90 for the entire safety risk curve for both cylindrical 

cells and pouch cells was observed. The relative error of the average ISC prediction is less 

than 6.2%. Furthermore, the generalizability of the ML-based safety risk predictor was 



51 

 

 
 

demonstrated by extending the scenarios for cells with various SOCs and loading 

conditions. The success of the model manifests that the strain field should be a dominant 

factor for the mechanical stress-induced internal short circuit. Our model is proven to 

substitute current time-consuming numerical simulation models and high-risk experiments 

and enables fast prediction and monitoring for possible safety risks. This work highlights 

the promise of combining the physical model with a data-driven model and streamlines the 

methodology for understanding energy storage systems. 
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CHAPTER 4 SAFETY RISK LEVELS UPON STRESS-DRIVEN INTERNAL SHORT 

CIRCUIT 

In this chapter, we first define four safety risk levels according to the multiphysics 

behavior of cells under mechanical abusive loading and develop a safety risk level 

classification model that can accurately and quickly predict the safety risk level of the LIB 

cells during the charging/ discharging. Decision Tree and Support Vector Classifier (SVC) 

are used to construct the model and realize the cell state classification. The classification 

is only based on a short period of voltage and current signals. To generate as much training 

samples as possible, a multiphysics surrogate model is developed. ~3×105 training samples 

are generated, covering SOC from 10% to 100%, short circuit resistance from 10-1 Ω to 103 

Ω, and C-rate from 0.1 to 2. The prediction results show that the classifiers have a good 

performance (F1 scores > 0.93) and robustness (F1 scores > 0.87 when a voltage error of 

0.1 mV is introduced). The prediction results show that the models have a good 

performance and robustness. 

4.1 Methods 

4.1.1 Experimental designs and typical results. 

Two typical scenarios can cause/exhibit battery safety issues, i.e., cycling test and 

abusive testing. The experimental designs are: 

(1) Cycling tests 

The short-term cycling tests (without obvious capacity loss) were conducted with the 

LANHE CT2001B battery test system. Several constant resistors were selected and 
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connected to the cell in parallel during charging/discharging to produce current leakage 

(Fig. 25a). The test samples are commercially used NCM pouch cells with a capacity of 

3.6 Ah and dimensions of 97 mm×58 mm×4.5 mm. The cutoff voltages are 2.8 V/ 4.35 V. 

The experimental setup is summarized in Table 7. CC-CV charging/ discharging method 

was used. The minimum current at the CV stage was set as 1/20 C. 

The batteries without resistance were used to represent normal batteries (L0). The 

battery works normally during charging and discharging (Fig. 25b). The batteries with 

external short circuit resistance were used to simulate the damaged batteries (L1). Due to 

current leakage, the voltage curves were slightly different from the curve of the normal 

battery: increase slower during charging and decrease quicker during discharge and cannot 

reach minimum current in CV stage when R=20 Ω (Fig. 25c). 

(2) ISC triggering tests. 

The quasi-static mechanical loading tests were conducted to trigger the ISC of the 

cells (Fig. 25d). The tests were carried out with the INSTRON LEGEND 2386 universal 

testing machine. An 8-mm indenter moves downward with a speed of 1 mm/min till the 

ISC of the cell was triggered. During the loading, the voltage and surface temperature (Fig. 

25d) were measured by HIOKI LR8431 high-speed data loggers. Cells with initial SOC 

from 0.1 to 1 were used. If TR will be triggered mainly dependents on the initial conditions 

of the cell, such as initial SOC. For medium SOC (60%), the temperature rise was small 

and not enough to trigger the TR (L2, Fig. 25e). For high SOC (100%), the temperature 
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increased quickly, and TR was triggered (L3, Fig. 25f).  

 

Figure 25 Classification of battery safety issues. (a) Cycling test experimental design and 

the typical behaviors: (b) L0 normal battery; (c) L1 damaged battery; (d) ISC triggering 

test experiment design and the typical behaviors: (e) L2 ISC is triggered but no TR; (f) L3 

ISC is triggered, and TR will be triggered. 

 

Table 7 Experimental setup of the cycling tests 

Resistance, R (ohm) C-rate 
Cycles for each 

combination 

500 2, 1.5, 1, 0.5, 0.2 3 

200 2, 1.5, 1, 0.5, 0.2 3 

100 2, 1.5, 1, 0.5, 0.2 3 

50 2, 1.5, 1, 0.5, 0.2 3 

20 2, 1.5, 1, 0.5, 0.2 3 

 

4.1.2 Multiphysics model development. 

The multiphysics surrogate model was developed to aid the data generation. The 

model has four sub-models (Fig. 26): (1) Battery model; (2) Short circuit model; (3) Heat 
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transfer model; (4) Thermal runaway model.  

 

Figure 26 Framework of the multiphysics modeling. 

Detailed equations and model setups are described in APPENDIX B. The 

multiphysics model is developed in the COMSOL Multiphysics software and validated by 

experimental data. Firstly, the battery model is validated by cycling tests under CC-CV 

setup at various C-rates. The simulation voltage curves match the voltage curve from 

experimental data at different C-rates (Figs. 27a-d). Secondly, the coupling model is 

validated by the ISC triggering tests. The simulation results can predict the voltage drop, 

corresponding temperature increase, and thermal runaway triggering behaviors (Figs. 27e-

h). 
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Figure 27 Multiphysics model validation. Validation of the battery model at different C-

rates:(a) 0.1C; (b) 0.2C; (c) 0.5C; (d) 1C. Validation of the thermal transfer model at 

different SOCs: (e) 0.3SOC; (f) 0.6SOC; (g) 0.8SOC; (h) 0.1SOC. 

4.1.3 Machine learning model development. 

The Decision Tree (DT) and Support Vector Classifier (SVC) from the open-source 

library “scikit-learn” is used. According to training results, the classifiers C0 and C2 are 

DT based and the classifiers C1 is SVC. For C0 and C2, The “gini” criterion is used. 

Considering that sample numbers from different groups are very different, a balanced class 

weight is used. For C1, regularization parameter is set as 10-4 while kernel coefficient is 

set as 10-4. The hyperparameters were selected by 5-fold cross-validations to avoid 

overfitting. The training dataset contains samples that cover various cases with different 

short circuit resistances (Fig. 28). 
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Figure 28 Datasets regroup process 

4.2 Data generation and model development 

4.2.1 Data generation process 

Numerical calculation results are used in data generation. A numerical surrogate 

model was developed and was calibrated by the experimental tests (Fig. 29). The ISC 

triggering tests and cycling tests under different conditions are conducted to obtain the 

experimental data (detailed description see 4.1.1). The numerical model is then used to 

conduct the parameter sweep and generate the dataset that contains voltage and current 

series. According to the level of the safety risk, the cell states in this dataset were divided 

into four types: (1) Normal cells (L0); (2) Defective cells (L1); (3) Shorted cells without 

possible thermal runaway (TR) risk (L2); (4) Shorted cells with possible thermal runaway 

(L3). Based on the group definitions, argument vectors X with labels 

 G0, G1, G2 , G3Y   were generated via dividing and transferring the segments of the 

curves from the dataset. Features in X were obtained from voltage/ current segments within 

a period (detailed description see 3.2.3). The training/ testing samples contain all generated 

samples (X, Y).  
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Figure 29 Data generation process. 

4.2.2 Multiphysics surrogate model and parametric calculation. 

The numerical surrogate model is developed based on the multiphysics modeling 

technique (Fig. 26). The multiphysics model is validated by experimental data (Fig. 27). A 

parameter sweep is conducted to produce a sufficient amount of data. Initial SOC 0SoC , 

C-rate rateC , and short circuit resistance shortR  are set as inputs, while voltage–, current–, 

and temperature– time curves are outputs. For CC-CV charging/discharging cycling 

condition, the parameters change in the domain as:  

 
 

6

short

rate

10 ,  500,  200,  100,  50,  20,  10,  5

2,  1.5,  1,  0.8,  0.6,  0.4,  0.2,  0.1

R

C

 =


=

  



, (22) 

Here, short

610R =   represents the normal case (L0). For each case, three CC-CV cycles 

is calculated (Fig. 30a). For short circuit triggering cases, the parameters are set as: 
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1,  0.9,  0.8,  0.7,  0.6,  0.5,  0.4,  0.3,  0.2,  0.1

2,  1.5,  1,  0.8,  0.6,  0.4,  0.2,  0.1,  0

5,  2,  1,  0.5,  0.2

SoC

C

R








=

=

 =

, (23) 

For each case, the computation proceeds till the TR is triggered, or the temperature starts 

to decrease. (Fig. 30b). 

 

Figure 30 Parametric calculation results. (a) Results of the battery model at different C-

rates and short circuit resistance; (e) Results of the coupling model at different initial SOCs 

and short circuit resistances (dots represent data points). 

4.2.3 Feature selection and model structure design 

The ML model should classify cell states into the defined four groups (L0~L3) based 

on features extracted from quantifiable parameters of the cell, such as voltage u, current i, 

temperature T, and inner pressure P. Among them, u and i can be measured accurately 

while T is very sensitive to boundary conditions, such as environmental temperature and 

the position of the sensor. P is only available in some cylindrical and prismatic batteries 

pack. Also, the abnormal cells can only be detected by their state (contains u, and i) change 

rather than a single point. Thus, the model input should be features obtained from voltage 

( )u t  and current sequence ( )i t  within a period Δt, where t is time. A general input matrix 
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is composed of ( )u t  and ( )i t , along with their time derivative sequences 
d

d
it t

u

t =

,
d

d
it t
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t =

 

and time integration sequences 
0

d
nt

t
u t  , 

0

d
nt

t
i t  , where , 0,1,2..it i n=   arithmetic 

progression and 0nt t t = −   (considering that the second derivative or integral is very 

sensitive to input error, only the first order is considered here): 
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. (24) 

However, there is repeated information in the current input in Eq. (24) because the 

abnormal signal can be detected based on the state change between only two points. The 

maximum difference happens when the battery changes from the start state at t=t0 to the 

end state at t=tn. Thus, the intermediate states are ignored. Also, constant current charge/ 

discharge segments during the cycling are selected as input (for non-constant current 

cycling conditions, there are also many constant current segments.). In this case, 
d

d
it t

i

t =

 (= 

const = 0) terms are removed from the input. Thus, the input is rewritten as: 

 
0 0

0 0
0 0

0 0 0 0

d d
[ ( ), ( ), ( ), ( ), , , , ]

d d

t t

t t t t
t t t t t

u i
X u t u t t i t i t t udt idt

t t − −
= = −

= − −   , (25) 

where 0t   is the current time and t   is the selected period ( 0t t−   is defined as the 

initial state, 0t  is defined as the end state). 

The voltage/ current sequences will be smoothed by a filter before feature extraction 

to avoid possible data noises (Savitzky-Golay is selected for tests, it can be replaced by 
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other efficient algorithms in a real application). Considering that obviously different value 

ranges between cases L0/1 and L2/3, while limited differences between L0 and L1 cases; 

therefore, a two-step classification structure with three classifiers is designed (Fig. 31). 

Here, the cells will be classified into L0/1 and L2/3 by classifier 0 (C0 judges if a short 

circuit occurs during Δt). For L0/1, the battery states will be classified into L0 and L1 by 

Classifier 1 (C1 judges if the battery has damage). For L2/3, the battery safety states will 

be classified into L2 and L3 by Classifier 2 (C2 judges if a TR will happen under the current 

conditions). Note that two input vectors (Xs(t) and Xl(t)) are generated at different time 

points (defined as Eq.25). Since parametric value differences between L2 and L3 or L0/1 

and L2/3 are significant, it requires the determination of a possible short circuit to be quick. 

Thus, Xs(t) is generated within a short period st  and used for C0 and C2 (e.g., set as 1 

min). On the contrary, the differences between L0 and L1 are trivial, and the differences 

need to be accumulated till they can be accurately detected. Thus, Xl(t) is generated within 

a long period lt  and is only used for C1. Set as lt =5 min. It is worthy to note that t  

is not equal to the lag time of the prediction which means that the system needs a reference 

state at t   before the current time point. As such, t   can also be regarded as the 

necessary data collection time before the model can work. The lag time lagt  is dependent 

on the measuring frequency (1 Hz frequency in this study and 1s lag time in theory). Here, 

293,990, 46,600, and 180,768 samples were generated and used in the training of C0, C1, 

and C2, respectively. Δts and Δtl were selected as 1 min and 5 min. All four groups were 
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covered. The distributions of the selected features show that the value ranges of the two 

target groups are almost the same (Figs. 32-34). Thus, those classification problems cannot 

be solved based on a single threshold of one of the features. 

 

Figure 31 Fundamental model structure and training process of the ML classification model. 

 

Figure 32 Feature distribution for C0 

 
Figure 33 Feature distribution for C1 
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Figure 34 Feature distribution for C2 

4.3 Predictive performance 

4.3.1 Model variants and computing setup. 

For the three classifiers C0~C2, simple If/ else role (expert heuristics), logistics 

regression (linear classification), k-Nearest Neighbors (k-NN) (non-linear classification), 

SVC, DT (tree-base), and Random Forest (RF) classifier selected as the candidate models. 

The models were developed based on python with the open-source library “scikit-learn”. 

For each classifier, 5 % of the samples will be used as test samples. The models were 

trained via 5-fold cross-validation based on Intel(R) Core (TM) i7-8550U CPU @ 1.80GHz, 

2.00 GHz computing platform. The F1 score (calculate metrics for each label and find their 

unweighted mean) is used to indicate the classification performance. 5 random splits were 

conducted to obtain the mean prediction score and the corresponding deviation (Table 8). 

The mean value of F1 for each model indicates that the simple if/ else role or linear 

classification model is not suitable. Thus, the safety risk state prediction is a classification 

problem. In this case, the selected feature is generally applicable to most nonlinear ML 
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models, such as Decision Tree, and RF. To achieve better performance and efficiency, DT 

was chosen for C0 and C2 while SVC was chosen for C1. 

Table 8 Comparison between different classification models. 

Model 

F1 score 

C0 C1 C2 

Mean Deviation Mean Deviation Mean Deviation 

If/ else role 

(baseline) 

0.789161 

(x2) 
0.0001 

0.566 

(x1) 
0.0004 

0.884 

(x0) 
0.0002 

Logistic Regression 

(baseline) 
0.818532 0.0027 0.469 0.0063 0.857 0.0034 

k-NN 1.000 0.0000 0.713 0.0052 0.986 0.0018 

Support Vector 

Classifier 
1.000 0.0000 0.949 0.0038 0.985 0.0023 

Decision Tree 1.000 0.0000 0.931 0.0013 0.994 0.0019 

Random Forest 1.000 0.0000 0.934 0.0016 0.998 0.0005 

 

4.3.2 Performance of the classifiers. 

The confusion matrix was used to evaluate the accuracy of classification (Table 9, 

Figs. 35a-c). In binary classification, the matrix consists of four elements: true negatives 

(TN), false negatives (FN), true positives (TP), and false positives (FP), where “positive’’ 

and “negative’’ represent the prediction results, and “true’’ and “false’’ represent whether 

that prediction is right. First of all, C0 can divide battery states into L0/1 and L2/3 without 

any deviation due to the obvious characteristics between ISC triggered and non-ISC cases 

(Table 9). For ISC cases, they usually have a voltage drop and current decrease accordingly. 

These differences can be easily detected by features such as 0( )u t , 0( )u t t−  or 0( )i t , 

0( )i t t− . C1 and C2 can also accurately classify non-ISC cases into L0 and L1 and classify 

ISC cases into L2 and L3, respectively (Table 9). For C2, the defective cells have a slightly 
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lower voltage or voltage slope due to the existence of current leakage. For C3, the case 

with thermal runaway (TR) always has certain distinctive features, such as high SOC, small 

short circuit resistance. Those differences reflect on the selected features (Detailed 

discussion see section 4.3.2). The accuracy of C1 is lower than the other two classifiers due 

to the small difference between L0 and L1. Receiver operating characteristic (ROC) curves 

can show the classification performance of the classifiers (Figs. 35d-f). In the meantime, 

the area under the curve (AUC, 0~1) can also be used to indicate the performance of the 

classifier. The AUC of C1 is almost 1 (Table 9). The AUCs of C1 and C2 are 0.99, very 

close to 1 (Table 9). Such results manifest satisfactory classification prediction results of 

the model.  

 

Figure 35 Validation and performance of the classification models. Confusion matrix of (a) 

C0;(b) C1; (c) C2 (horizontal labels represent prediction results, vertical labels represent 

their true labels, elements in the matrix present the ratio of samples with the predicted label 

in their true group). Receiver operating characteristic (ROC) curves (d) C0;(e) C1; (f) C2; 
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Table 9 Performance of the classification models. 

Classifier 
 C0 

Prediction 

 C1 

Prediction 

 C2 

Prediction 

 True G0/1 G2/3 True G0 G1 True G2 G3 

Confusion 

matrix 

G0/1 1 0 G0 0.965 0.035 G2 0.9917 0.0083 

G2/3 0 1 G1 0.036 0.964 G3 0.0046 0.9954 

F1 Scores 0.999 0.980 0.992 

AUC 1 0.991 0.995 

 

Four typical scenarios were used to present the safety risk prediction process (Figs. 

36): (1) Case 1: normal cell during 1C charging/discharging; (2) defective cell during 1C 

charging/discharging (cell with R = 60 Ω); (3) ISC is triggered during 0.1C charging 

(SOC=0.8, R = 2.2 Ω, no TR); (4) ISC is triggered during 0.1C charging (SOC=0.9, R = 

1.8 Ω, TR). The model started collecting data when the charging or discharging started. 

After Δts, C0, C2 started working, the safety risks of those cases were L-1 (unknown). After 

Δts, C1 started working. The risk levels of all cases changed to from L-1 to L0 (the default 

level is L0 until a defect or a short circuit is detected). After Δtl, the risk level of case 1 

changed from L1 to L0, and the risk level of case 2 changed from L-1 to L0. The ISC of 

cases 3 and 4 were mechanically triggered at t=200s. Thus, the safety risk level of case 3 

changed and is stable at L2, and the risk level of case 4 also changed from L0 to L3 before 

the TR triggering. 
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Figure 36 Prediction process demonstration. Prediction process of four scenarios: (a) L0, 

normal cell during 1C discharging; (b) L1, defective cell during 1C discharging; (c) L2, 

ISC is triggering during 0.1 C charging (TR is not triggered) (d) L3, ISC is triggering during 

0.1 C charging (TR is not triggered) (Level=-1 means risk level is unknown). 

 

Some typical methodologies of battery cell safety risk prediction are summarized and 

compared (Table 10). Among them, models for ESC detection have higher accuracy and 

lower response time because the short circuit current will directly influence the total current, 

which is directly measured by the sensor. Thus, the models have more information to make 

the decision. In terms of ISC detection, the theoretical/ empirical models can predict ISC 

in a reasonable accuracy with a short response time when R is relatively small; however, a 

longer preparation time is needed to achieve higher accuracy. The emerging ML models 
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can well predict cells with a larger resistance range, but the features are obtained from a 

complete cycle. This significantly limits the flexibility of the model prediction since the 

prediction can only be provided in a cycle-by-cycle manner. Our proposed model here uses 

a uniformed input to predict both ISC cells and defective (leakage) cells. Meanwhile, the 

model achieved a sweet spot of prediction accuracy and speed (short preparation time and 

response time). 
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Table 10 Comparison between typical methodologies of battery cell safety risk prediction. 

Methodolo

gies 
Refs Principles 

Input/ 

feature 

Output/ 

Indicator 

Performance/ 

Accuracy 

Theoretical

/ empirical 

model 

Feng, X. 

et al. 109 

Equivalent circuit 

model (ECM) and 

recursive least 

squares (RLS) 

U, I, T 
R2, C in 

ECM 

Good when 

R≤20Ω 

Seo, M. et 

al. 120 

RC model and 

switching model 

method (SMM) 

U, I R 

Relative error 

≤14.2% when 5Ω 

≤ R≤50Ω 

Xia, B. et 

al. 121 
Empirical model U, I, T dT/dt, U, I 

Well detect ESC 

and 10% error in 

surface 

temperature 

Machine 

learning 

model 

Chen, Z. 

et al. 122 

SVM and lumped 

parameter model 
Cd, T Tmax 

Accuracy >76.7% 

(after 10s) or 

100 % (after 33s) 

Yang, R. 

et al. 123 

RF (to enhance 

the RMSE 

threshold) 

Cd, Tmax  
leakage/ no 

leakage 

Well detect 

leakage of four 

cases 

Naha, A 

et al. 99 
RF and ECM 

SOCmax, 

Vcmin, 

Tcv, EL, 

SlopeOCV, 

α1, Ri 

leakage/ no 

leakage 

Accuracy >99.2% 

(150Ω ≤ R≤ 

500Ω) 

Our 

method 

RF, SVC,ECM 

and FE model 

U, I, 

dU/dt, 

∫Udt, ∫Idt 

Safety levels 

(Normal, 

damaged/ 

leakage, ISC 

(no TR or 

TR)) 

For defective/ 

normal: 

accuracy >93% 

(5Ω ≤ R≤ 500Ω) 

For TR/ no TR 

accuracy >99.8% 
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Continue 

Methodolo

gies 
Refs Preparation time Response time 

Solved 

problems 

Theoretical

/ empirical 

model 

Feng, X. 

et al. 109 

Depends on threshold 

selection, 102~103s* 

10-2s~100s* 

(Direct compare) 
ISC 

Seo, M. et 

al. 120 

Depends on threshold 

selection, 102~103s* 

10-2s~100s* 

(Direct compare) 
ISC  

Xia, B. et 

al. 121 
10-1s * 

10-1 s for ESC;  

102s for 

temperature 

ESC 

Machine 

learning 

model 

Chen, Z. 

et al. 122 
102s 10-2s~100s* ESC 

Yang, R. 

et al. 123 

102s * 

(to capture Tmax) 
10-2s~100s* ESC 

Naha, A 

et al. 99 
1 cycle (103s~104s) 10-2s~100s* ISC 

Our 

method 

For damaged/ normal 

classification: 

102~103s; For TR/ no TR 

classification: 101~102s. 

1.5×10-2s 

Safety levels 

(both ISC and 

ESC) 
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4.3.2 Feature importance analysis 

Feature importance indicates how useful the selected features are in a predictor. 

Permutation importance was used to analyze the feature importance of group L0/1 (C1) 

and group L2/3 (C2) (Fig. 37). The permutation importance is a general approach that 

reflects the feature importance in the decrease in prediction score when each feature value 

is randomly shuffled. For C1, most of the features contribute to the final prediction results. 

We discover that voltage slope 
0

d d
t t

u t
=

 , 
0

d d
t t t

u t
= −

 , voltage 0( )u t  , 0( )u t t−  , and 

voltage integration 
0

0

d
t

t t
u t

− have larger feature importance since they are highly related to 

leakage current or leakage capacity (Fig. 37a and 37b) (APPENDIX C). For C2: 0( )u t  

and 
0

d d
t t

u t
=

 exhibit larger feature importance (Fig. 37c and 37d). Those features contain 

the information of initial SOC (or voltage) and R which determines the short circuit current 

shorti   (APPENDIX C). Thus, for defective cell detection (C1), voltages/ voltage slopes 

from both the initial state ( 0t t− ) and the end state ( t ) have significant contributions, 

which means voltage measurement accuracy should be satisfied (further discussed in 

Section 4.3.3). For the prediction of TR cases (C2), the key to the problem is to capture the 

voltage/ voltage slope after the voltage drop. 
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Figure 37 Feature importance analysis of classifiers C1 and C2. Feature importance based 

on permutation method and crosstab for selected features under top 25% sample (averaged 

feature values of X in tests samples with top or bottom 25% possibility given by the 

classifiers): (a) C1 (b) C2. 

 

4.3.3 Robustness analysis. 

We consider the current and voltage measurement deviations to analyze the robustness 

of the model. Here, the deviations are described as Gaussian white noises (the input curve 

is unsmooth). The results indicate that the prediction score (weighted F1 score) is almost 

insensitive to the current error ei  (Fig. 38a). The score starts to decrease slightly only 

when the deviation is larger than 102 mA. In terms of voltage deviations eu , the prediction 
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score drops drastically when eu  is larger than 10-1 mV (Fig. 38b). Such phenomena can 

be explained by analysis of the order of magnitude (APPENDIX C). However, the score is 

still greater than 0.9 when eu   is 100 mV. For current error, the accuracy will only be 

affected when the order of magnitude of ei  is close to i. For current error, the accuracy 

will be significantly affected when the order of magnitude of eu   is larger than about 

5 10 V− ( 2 10 mV− ). Because of the filter and multiple features, the accuracy can remain 

satisfactory till 
3 0 10 V (10 mV)eu −= . 

4.3.4 Impact of input period and short circuit resistance range. 

According to the feature importance analysis and the order of magnitude of the 

important features, we know that the model prediction accuracy is related to t  selection 

and short circuit resistance range  min max,R R  (mainly for the maximum resistance). R is 

dominated by the ISC mode. A minor ISC (usually leads to defects) does not include Cu-

Al contact (may only include Cu (Cu collector)-An (Anode), Al (Al collector)-Ca (Cathode) 

or An-Ca contact), the area resistance   2122,  300  mmRA   . A major ISC (usually 

leads to instant non-recoverable voltage drop) includes Cu-Al contact, 

  24,  50  mmRA  . Considering a common contact area A ranges from 100 to 101 mm2, 

thus R for a minor ISC is  12,  300     while for a major ISC  0.4,  50     19. Here, 

C1 is taken as an example, and lt  from 1 min to 20 min was used, and Rshort from 100 Ω 

to 103 Ω (for the defective cells, covers the range for minor ISC) are selected. In terms of 

different lt  , the results show that an extended lt   can effectively improve the 
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prediction score, especially for cases with larger voltage error (Fig. 38c). This is because 

the difference    is positively related to lt   (APPEBDIX C). Furthermore, the 

prediction score decreases when Rmax increases (Fig. 38d) because   is also proportional 

to 1/ R  according to Eq. C10. So the increase of R shrinks the difference between the 

normal state and the damaged state. These results reveals that defective cells with a 

relatively large short circuit resistance are still detectable even with a certain degree of 

measurement error. 

 

Figure 38 Performance analysis of classifiers. Robustness: Prediction score of classifiers 

C1 and C2 with (a) current error ( eu =0 mA) and (b) voltage error ( ei =0 mA). st  is set 

as 1 min and lt   is set as 5 min; Effects of period selection and resistance range on 
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prediction accuracy: Prediction scores when (c) normalized period increase and (d) max 

resistance of damaged batteries increases. 

4.4 Conclusions 

Online safety risk evaluation of LIBs cell is a proactive methodology to minimize and 

mitigate possible losses due to battery safety issues. Here, we defined four safety risk levels 

according to experimental results and developed a machine-learning battery safety risk 

classification model. Our proposed method can accurately predict the safety risk level of 

the LIBs during cycling conditions in an efficient fashion. With the assist of numerical 

simulation, about 3×105 training samples have been generated, covering common SOC, 

short circuit resistance, and C-rate ranges. The model demonstrated a satisfactory 

performance (F1 score > 0.93) and robustness (prediction scores > 0.87 with a voltage error 

of 0.1 mV). From the feature importance analysis of the model, we found that the initial 

voltage slope and the initial voltage slope have relatively larger importance in normal/ 

detective cells classification and the end voltage has larger importance in TR/ non-TR cells 

classification. From the robustness analysis, we discovered that voltage error has a larger 

impact on prediction accuracy. Further parametric analysis indicates that the prediction 

accuracy would decrease when the maximum short circuit resistance increases and would 

be improved when the period t  is extended. The methodologies were validated by pure 

experimental data. The model achieves the expected accuracy in simulation analysis. 

The limitation of current ML model is that we do not consider the capacity loss since 

the variables increase significantly due to the coupling of features caused by capacity loss 
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and safety issues. In addition, consideration of the capacity loss may require at least one 

prior complete cycle data which is impossible for short-time prediction. 

The simplicity of the proposed ML architecture makes it possible to implement it in 

hardware as a smart battery monitoring system. In principle, a cell can be instrumented 

with readily available voltage/current sensors and related signal conditioning hardware to 

provide a time series of measurements to a microprocessor. The microprocessor can be 

programmed to numerically differentiate and integrate these signals and then pass them 

through a (trained) neural network model with known weights. Last, a sensor interface 

protocol could be established to output the classified battery state and other relevant 

information (e.g., via serial communication) to a downstream display or other devices. Our 

results showcase the power of the machine-learning classification model and provide an 

innovative solution for the identification of the battery safety risks and next-generation 

online battery safety monitoring system. 
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CHAPTER 5 SAFETY RISKS OF MECHANICAL DEFECTIVE LITHIUM-ION 

BATTERIES 

In this chapter, we focus on the safety issues of defective batteries, especially aiming 

at the electrochemical performance, thermal safety, and mechanical integrity of the battery. 

Inspired by real-world smartphone maintenance accidents, i.e., a screw penetration method 

is used to introduce the defect where a small screw is placed sideways on, and pressed into 

the face of a prismatic cell. Such a phenomenon is also representative of possible foreign 

object penetration for batteries in electric vehicles or other mechanical systems. The defect 

batteries are then characterized both electrochemically and mechanically to discuss the 

consequent ISC and thermal runaway triggering behaviors and modes. Safety risks of 

defective batteries that do not undergo thermal runaway are evaluated by comparing their 

electrochemical and thermal behavior with normal batteries and discussed to demonstrate 

the underlying mechanism. Furthermore, possible defective battery detection and 

identification methodologies are developed and summarized.  

5.1 Methods 

5.1.1 Manufacture of a defective battery.  

One of the most common battery defect/damage is the foreign object intrusion during 

working or repairing. Herein, the screw indentation is employed as a way to “fabricate” 

defective batteries. Such mechanical abusive loading is an effective methodology to 

introduce a local short-term short circuit in a more controllable and experimentally 
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repeatable way and can represent all sorts of scenarios that cause the same local short 

circuit cases, e.g., small particles penetrating the battery layers during assembling. A 

widely available screw with a head size of 2 mm and a total length of 3 mm was used (Fig. 

39). The screw was laid horizontally on a pouch cell with a size of 84×64.5×3.5 mm. The 

basic information of the battery is presented in Table 11. Inside the Al plastic film battery 

pouch, 12 layers of the cathode (collector with active material on both sides), 12 layers of 

the anode (collector with active material on both sides), and 24 layers of separator are rolled 

into a jellyroll. The 1C CC-CV curves of three batteries agree well with each other for the 

chosen batteries (Fig. 40). A flat indenter on the mechanical testing machine INSTRON 

2345 applied to push force to indent the screw into a cell with SOC=0.5 at a speed of 6 

mm/min.  

 

Figure 39 Schematic diagram of the screw indentation experiment. 



79 

 

 
 

 

Figure 40 1C CC-CV voltage-time curve for cell used during the screw indentation. 

 

Table 11 Basic information about battery samples. 

Parameters Value 

Nominal capacity 3.350 Ah 

Charging cutoff voltage 4.4 V 

Discharging cutoff voltage 3.7 V 

Cathode material LiCoO2 

Anode material LiCx 

Separator material PP 

Cathode collector material Al 

Anode collector material Cu 

Al plastic film Al plastic film 

Layer number 24 

5.1.2 Electro-chemo-thermal coupling model. 

The defect introducing process is simplified into a local short-circuit, electrochemical-

thermal coupling process. An Electro-chemo-thermal coupling model was established to 

numerically analyze the underlying behaviors of defective batteries. The model consists of 

a 1-D lithium-ion battery model83-85, short-circuit model thermal model43, 87, 88, and 

chemical reaction model48. The coupling strategies are shown in Fig. 41a. The battery 

model verified by discharging voltage-time curves at different rates from 0.1C to 2C is 
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used to calculate battery potential. The simulation results match the experimental voltage 

curves well (Fig. 42a). To simulate the short-circuit and recovery processes, a short-circuit 

resistance – time relationship is set as: 

 

short0

short short1 1

short2 1

( 0)

( ) (0 )

( )

R t

R t R t t

R t t

=


=  
 

, (26) 

where short0R  should be an infinite large short-circuit resistance to represent the state that 

short circuit has not triggered) (here it is set as 105 Ω), short1R =0.08Ω is the transient short-

circuit resistance before the voltage recovery, and short2R =700Ω is the stable short-circuit 

resistance after the voltage recovery. The resistance short1R  is estimated by the equation: 

 1
short1 0

0 1

U
R R

U U
=

−
,  (27) 

where 0U  is the initial open-circuit voltage (OCV), 1U  is the voltage during the 

discharging, which can be considered as a constant due to the short discharging duration, 

and short0R  is the internal resistance (can be considered as ohm internal resistance). The 

resistance short2R  is estimated by the leakage current of the defective battery without 

external loading, written as  

 

1

ocv
short2 ocv

( ( ))
( )

C U t
R U t

t

−
 

=  
 

,  (28) 

where ocv ( )U t  is the OCV, C t  is the leakage current. The short-circuit joule heat and 

battery internal resistance joule heat is set as two heat sources for the model. The joule heat 

is calculated by Ohm’s law and Joule’s law. The chemical reaction and material phase 
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change are calculated based on the Arrhenius equation shown in Table 12. The constant 

values used are summarized in Table 16. Meanwhile, an axisymmetric 2-D model is 

developed to take advantage of the symmetry (Fig. 41b). The battery components are 

modeled in detail. A 10-mm radius area around the short-circuit point is considered. The 

heat source and boundary conditions setup are shown in Fig. 41b. The thermal convection 

and thermal radiation are considered on the upper surface of the battery domain. The model 

is calibrated by experimental results (voltage and temperature curves in Fig. 42b).  

 

Figure 41 Modeling of the multi-physics model. (a) Coupling strategies. (b) geometry, 

boundary conditions, and heat source setting of the model. The ISC heat is produced by 

ISC resistance, the discharging heat is produced by the internal resistance. The convection 

cooling is considered. 

 

Figure 42 Validations of the sub-models within the multiphysics coupling model. (a) 
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Battery model. Comparison of discharging voltage curves at different rates between 

simulation and experiment; (b) Electrochemical-thermal coupling model. Comparison of 

voltage, temperature curve after the onset of the ISC during the screw penetration loading. 

Table 12 Equations for chemical reaction and phase change. 

Reaction/ phrase change Equations 

SEI decomposition 

s
s s a s sexp( )

g

E
Q h m A c

R T

−
=  

s s
s s

d
exp( )

d g

c E
A c

t R T

−
= −  

Anode–electrolyte reaction 

a
a a

0

d
exp( )exp( )

d

a

g

c Ez
A c

t z R T

−−
= −  

a
a a a a a

0

exp( )exp( )
g
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Q h m A c

z R T

−−
=  

a
a a

0

d
exp( )exp( )
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Ez z
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= −  

Cathode–electrolyte reaction 

c
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g

E
Q h m A

R T
 

−
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c c c
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E
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Electrolyte decomposition reaction 

e
e e e eexp( )e

g

E
Q h m A c

R T

−
=  

e e
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d
exp( )
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c E
A c
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Melting of the separator and 

current collector 

s s
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d
exp( )

d g

c E
A c
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−
= −  

cc cc
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d
exp( )

d g

c E
A c
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−
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Table 13 Values used in the equations for chemical reaction and phase change. 

Parameters Value 

cA  6.667×1013 (1/s) 

eA  5.14×1025 (1/s) 
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sA  1.667×1015 (1/s) 

aA  2.5×1013 (1/s) 

sepA
 2.5×1028 (1/s) 

ccA  2.5×1030 (1/s) 

s0c  0.15 

0c  0.04 

a0c  0.75 

e0c  1 

sep0c  1 

cc0c  1 

0z  0.033 

aE  1.35×105 (J/mol) 

cE  1.39×105 (J/mol) 

sE  1.35×105 (J/mol) 

eE  2.74×105 (J/mol) 

cc_cuE  7.2×105 (J/mol) 

cc_alE  5.1×105 (J/mol) 

sepE  2.5×105 (J/mol) 

ah  1714 (J/g) 

ch  400 (J/g) 

sh  257 (J/g) 

eh  155 (J/g) 

cm  610.4 (kg/m3) 

am  1221000 (kg/m3) 

em  406.9 (kg/m3) 

 

5.1.3 Mechanical test for safety evaluation.  

Three types of common mechanical tests, including local compression, bending, and 

free-drop, were designed to evaluate the mechanical safety level of defected lithium-ion 

batteries (Fig. 43) along with normal batteries for comparison. During the loading process, 

the OCV and surface temperature of batteries were measured in-situ. For compression tests, 

the battery was placed on the platen of the material test machine Instron 2345, a 10 mm 

diameter cyclical indenter moved downward at a speed of 6 mm/min (Fig. 43a). In the 
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three-point bending test, the battery was placed on the fixture with a span of 60 mm. A 10-

mm-diameter cyclical upper anvil moved downward with a speed of 6 mm/min (Fig. 43b). 

For the free-drop test, a drop test machine was used to conduct the test (Fig. 43c). The 

initial height was set as 1.6 m. 

 

Figure 43 Experiment Methods. (a) Particle indentation, the diameter of the indenter is 10 

mm, the loading rate is 2 mm/min; (b) 3-point bending, the span is 60 mm, the loading rate 

is 2mm/min. The indentation and 3-point bending experiment were conducted on an 

INSTRON 2345. (c) 160 mm free drop, a smartphone drop test machine was used. The 

voltage (OCV) and temperature (K-type thermocouple) signals are measured by a 34970A 

data acquisition. 
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5.1.4. Mechanical finite element model. 

The FE mechanical model is developed based on ABAQUS. The battery is 

homogenized into a cuboid. Through the compression test and three-point bending test of 

normal batteries, the elastic modulus and material constitutive of the battery material is 

characterized (Fig. 44). The out-of-plane elastic modulus E33 = 580 MPa is obtained by the 

compression test and the in-plane elastic modulus E11 = E22= 2370 MPa. The plastic is set 

as isotropic. The nominal stress-plastic strain curve is calculated by the force-displacement 

curve of the compression test. The yield stress is set as 1MPa. The boundary conditions 

and loadings are identical to the experimental design, including compression (Fig. 45a), 

three-point bending (Fig. 45b), and free-drop test (Fig. 45c). The screw is simplified into 

the combination of two cylinders. According to the experiment, the geometry of the 

defective battery equals the cuboid subtracts part of the screw. The embedding depth is 

about 1 mm (Fig. 45d). Considering the elastic modulus of the screw is orders-of-

magnitude larger than the battery, it is then considered as a rigi body. The screw and the 

battery are fixed together. The numerical calculation results show that the model simulates 

the mechanical behaviors of both defected and normal batteries under various loadings well 

(Fig. 46). 
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Figure 44 Material properties for the battery model. The model used here is an anisotropic 

elastoplastic homogenous model. (a) Constitutive relationship obtained by out-of-plane 

compression test; (b) In-plane elastic modulus estimated by three-point bending; (c) 

Material coordinate system definition. 

 

Figure 45 Geometries and boundary conditions of the FE mechanical model. (a) Local 

compression loading; (b) Three-point bending; (c) Free drop loading; (d) Modeling of 

defected area. 



87 

 

 
 

 

Figure 46 Validation of the finite element model. (a) normal battery indentation; (b) 

defected battery indentation. (c) normal battery 3-point bending. (d) defected battery 3-

point bending.  

5.2 Results  

5.2.1 Characterization of defective batteries 

Due to the anode-separator-cathode layered structure of the battery, as the loading 

force increased during screw indentation, short circuits and thermal runaway across the 

respective layers occurred in sequence, which was observed in real-time by Finegan et al42. 

using high-speed radiography during nail penetration. Once the cathode and anode 

contacted directly, ISC was then triggered. Subsequently, due to the partial voltage 
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distribution of ISC resistance (an equivalent resistance), the measured open-circuit voltage 

dropped immediately to 2.51V in this case. The short circuit current flowing through the 

short circuit area produced Joule heat and led to the measured surface temperature at point 

1 increasing to about 130℃. Interestingly, the voltage recovered to almost the original 

value with a very trivial decrease, i.e., Ud=U0-U1=0.046 V (initial voltage U0 =3.883V, 

recovered U1 =3.837V) after 0.8s, and at that time the temperature also started to decrease. 

The corresponding reason is that the melting of the collector (local area near the ISC point) 

cut off the short circuit such that the voltage became normal again 19. However, due to the 

previous minor ISC, a trivial part of energy was consumed such that the recovered voltage 

was ~3% less than the original one. After a few seconds, the battery voltage profile went 

back to normal. Due to the relatively small electrochemical energy release during the short, 

the critical failure heat produced by short-circuit current only affected a local region within 

the battery, as demonstrated by the fact that temperature at point 1 in Fig. 47a increased by 

~93℃ while point 2 only increased by ~5℃. The pictures of a disassembled battery (Fig. 

47b) show that most parts of the battery components looked intact except a local area 

around the indent where a burnt mark was present for the first three electrode layers from 

the cell’s surface. The area of the burnt mark and indentation hole decreased as the layer 

number increased. The area of the hole in the first layer of the separator was relatively large, 

which indicated that the collapse of the separator occurred locally. 
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Figure 47 Cell behaviors during mechanical indentation. (a) Force, voltage, and 

temperature responses of the battery during the loading; (b) Schematic diagram of the 

battery’s physical appearance. 

To demonstrate the fundamental differences between defected and normal batteries in 

terms of electrochemistry, cycling tests, and Electrochemical Impedance Spectroscopy 

(EIS) tests were used to characterize the defective batteries. A comparison of 1C constant 

current (CC)-constant voltage (CV) cycling curves between a normal battery and defective 

battery shows that the defective battery almost works as normal (Fig. 48a). The major 

differences are the capacity in the CV stage within Δt2. The capacity loss, Cs, of the 

defective battery was about 130 mAh according to the capacity curves (Fig. 49a). In the 

meantime, the extension of Δt2 is mainly caused by a relatively small leakage current Is 
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appears after the recovery, which can be estimated as 44 mA based on the cycling curve. 

This leakage current slowed down the charging process. Is decreases as the cycling number 

increases and gradually approaches a stable value (Δt2 which is positively correlated with 

the leakage current, decreases slightly in Fig. 49b), i.e., the value is estimated as 5 mA after 

about 7 cycles. The soft-short can also prolong the CC charging time Δt1 (with a leakage 

current of 44mA). However, in the meantime, the capacity loss will shorten the charging 

time (130mAh). Overall, Δt1 is shorter than the original status. 

The capacity loss could be produced by increased internal resistance, reduced total 

active materials or both. However, the EIS test proved that the reason can only be the 

reduction of total active materials because there was little change in the ohm internal 

resistance R0 and the polarization resistance Rct of defective batteries (Fig. 48b). The open-

circuit voltage (OCV) curve of a defective battery without external working load proved 

that the current leakage is caused by a soft short-circuit (Fig. 48c). Thus, we propose an 

equivalent circuit for defective batteries as shown in Fig. 48c. Once the cell is short-

circuited, a short-circuit resistance connects to the battery equivalent circuit in parallel. 

Since this resistance (about 10~102Ω) is at least 3~4 orders of magnitude greater than the 

battery internal resistance (~10-2Ω), it is hard to measure any change in the total resistance 

of the circuit. Thus, capacity loss, Cs, and leakage current, Is, are the only two major 

parameters that can be detected to differentiate defected and normal cells.  
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Figure 48 Differences of electrochemical characteristics between defective batteries and 

normal batteries. (a) Comparison of 1C CC-CV cycling curve, charging cutoff voltage is 

4.4V, discharging cutoff voltage is 3.7V, cutoff rate of CV charging is set as 1/50 C; (b) 

Comparison of the impedance spectroscopy curve, the ohmic internal resistance and 

polarization resistance changes little; (c) The self-discharging phenomenon indicates a 

micro ISC. 

 
Figure 49 Changes in electrochemical characteristics of the defected battery. (a) 

comparison of 1C CC-CV cycling capacity curves between the defected battery and the 

normal battery; (b) Comparison of CV stage period-cycle curve. 

Currently, it is experimentally impossible to in-situ or ex-situ observe the electro-
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chemo-thermal behaviors within battery during the defect introduction process and the 

status. A multi-physics model is thus established to provide more detailed information. This 

model uses the numerical method to calculate the thermal field during the ISC process and 

further estimate the damaged area of each material. Based on this model, the damaged area 

and spatial distributions of the introduced defects for material layer is estimated (Fig. 50a), 

including SEI decomposition ( seiS = 42 mm2), separator collapse ( mS = 81 mm2), 

electrolyte decomposition ( eS = 22.5 mm2), cathode-electrolyte reaction ( ceS = 21 mm2) 

and anode-electrolyte reaction ( aeS  = 9 mm2). These results indicate that the separator 

melting area is larger than the decomposition reaction areas. These results indicate that the 

separator melting area is larger than the decomposition reaction areas. In the meantime, the 

collapse of the separator causes anode-cathode contact with active materials available, 

generating a leakage current after the voltage recovery, and 

ae ce( max( , , )) ( )short m e m ei g S S S S g S S= − = − . The decompositions of anode, cathode, and 

electrolyte lead to capacity loss, and loss ae ce e(max( , , )) ( )eC f S S S f S= = . Thus, the short 

circuit evolution process during the defect introduction can be divided into three stages 

(Fig. 50b).  

• Stage 1, the battery works normally;  

• Stage 2, internal short circuit is triggered by the penetration of the screw. The 

ISC current flows through the cathode collector, screw and anode collector with a 

huge amount of heat released in the local area; and 
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• Stage 3, collector melts, electrode materials decompose, and separator fails 

due to generated high temperature. The current path across the collectors is cut-off 

while the current path produced by the contact between active materials is rebuilt. 

 

Figure 50 The defect producing process and the internal change of the battery. (a) The 

damaged area and its distribution of each reaction within the defective battery. The first 10 

layers are shown here. Note that the thickness of the collector and separator are small such 

that the displayed colors look light. (b) Schematic diagram of short-circuit evolution. 
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5.2.2 Effect of defect at different sizes and positions. 

It is interesting to note that defect sizes and penetration positions are two important 

factors that affect capacity loss and leakage current (Figs. 51a and b). Essentially, the defect 

size and the defect positions determine ISC current shortI , discharging period td, the 

discharging capacity dC  or total released heat dQ , and further determine the reaction area 

eS  and melting area mS  (Table. 17), where ( )short 0 0 /R R U U U= −  , 

( )short 0 0 short/I U R R= +  , d shortC I dt=   , 
2

d short shortQ I R dt=  . For the defect size, larger 

sizes lead to larger capacity loss and current leakage. Larger defect area corresponds to a 

larger ISC area and a slower voltage recovery speed (Fig.52a). Correspondingly, the 

separator melting area and battery constituent material damaged areas will be larger (Table. 

14). However, the leakage current of L = 1 mm case is slightly larger than the L = 1.5mm 

case. This is because the ISC resistance of L = 1mm case is too large for the joule heat 

produced by ISC resistance to melt the collector and cut off the short circuit (green line in 

Fig. 52a and Table. 14). Thus, the separator melting area tends to be larger. In terms of the 

defect position on the surface of the cell, the center-positioned defects produce smaller 

capacity loss and leakage. When the ISC point was closer to the edge of the battery, the 

heat was dissipated more quickly thus voltage recovery would have been slower due to the 

delayed short circuit cut off (Table 14, Fig. 52b). In this case, the separator melting area 

became larger, and the capacity loss and leakage current were correspondingly larger 

(Table. 14).  
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Figure 51 Effect of different defect areas and positions. (a) Capacity loss and leakage at 

different indenter size (center position); (b) Capacity loss and leakage at different positions 

(2mm defect). 

 

Figure 52 Effect of indenter sizes and indentation positions (1C CC cycling, sphere steel 

particle). (a) voltage response at different indenter size (from 1.0 mm to 2.5 mm diameter, 

center); (b) voltage response at different positions (0, 10, 20 mm from center, 2 mm).  

 

Table 14 Estimation of characteristic parameters of the defects at different conditions 

 U (V) dt (s) shortR  

(Ω) 

shortI  

(A) 

dC  

(mAh) 

dQ (J) eS  

(mm2) 

mS  

(mm2) 

L (mm) d=0 mm 

1 3.33 1.05 0.36 9.17 2.67 32.05 58.8 108 

1.5 2.95 0.15 0.19 15.50 0.65 6.86 7.56 14.46 

2 2.85 0.55 0.17 17.17 2.62 26.91 55.8 89.4 

2.5 2.76 1.05 0.15 18.67 5.44 54.10 125.4 196.8 

d (mm) L=2 mm 

0 2.87 0.55 0.17 16.83 2.57 26.57 55.2 88.8 

10 2.85 0.8 0.17 17.17 3.81 39.14 87 138.6 
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20 2.8 2.5 0.16 18.00 12.5 126 318 492.6 

 

5.3 Discussion 

5.3.1 Electrochemical-thermal safety evaluation of defective battery  

The thermal stability of the battery deteriorates with cycles due to the current leakage. 

During a long-term working condition, at least one full charging-discharging cycle, the 

average temperature of the cell converged into a stable value, which is a steady-state value. 

Thus, it can be estimated theoretically based on the defective battery equivalent circuit and 

thermal dynamic equation as 

 
p joule conv rad

d

d

T
VC Q Q Q

t
 = + + ,  (29) 

where pC  is the specific thermal capacity of the battery, ρ is the density of the battery, V 

is the volume of the battery, T  is the battery temperature, jouleQ  is the joule heat power 

(as a function of the short circuit resistance, APPENDIX D), convQ  is the thermal 

convection power (as a function of the battery temperature T  and the ambient 

temperature ambT , APPENDIX D), and radQ  is the thermal radiation power (as a function 

of T  and ambT , APPENDIX D). The calculation methods of these three heat terms can be 

referred to APPENDIX D (calculation of steady-state temperature part). For steady-state 

condition d d 0T t = , 

 

2
4 4 0 short d

cell c cell

0 short

( ) ( ) 0amb amb

U R R I
T T S T T h S

R R


+
− + − − =

+
.  (30) 

Solving the equations, we may obtain sT T=  . Thus, the increased joule heat jQ  

caused by leakage current may increase the working temperature of the battery and affect 
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whether the battery works safely. The thermal stability of a defective battery with a short 

circuit resistance shortR  and environment temperature ambT  can be evaluated by Ts. In fact, 

the normal working temperature is between -20℃ and 60℃, decomposition reaction 

happens over 90℃, and separator collapse over 130℃ (thermal runaway onset 

temperature124). Herein, we define the four temperature intervals as normal (-20℃, 60℃), 

heated (60℃, 90℃), chemical reaction (90℃, 130℃), and thermal runaway (130℃, ∞). 

The safety risk levels at various shortR  (100Ω~ 103Ω) and ambT  are presented in Fig. 53. 

For room temperature (25℃), the Ts is more sensitive to shortR . The boundary of the heated 

area is very close to the thermal runaway area and the critical resistances distribute in 

1~10Ω. If the ambient temperature is abnormal (>60℃), Ts is more sensitive to ambT  rather 

than shortR . 

 

Figure 53 Cycling steady-state temperature at different short-circuit resistance and ambient 

temperature. Assessment of safety level based on average temperature. 
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5.3.2 Mechanical safety evaluation of defective battery 

In addition to thermal issues, another hidden danger should be the mechanical 

integrity of the defected cells. Here, three representative mechanical abusive loading 

scenarios, i.e., compression, bending, and free-fall, were targeted to characterize and 

evaluate the mechanical safety of defective batteries. We observe that the load-bearing 

capacity before major ISC for the defective battery decreased significantly compared to its 

original counterpart. Particularly, the load-bearing capacity drops significantly from 9 kN 

to 0.4 kN in the out-of-plane compression scenario. Note that such a decrease cannot be 

produced by the heating because the short circuit occurred after the peak load. The 

temperature was nearly equal to the environment temperature before the decrease point. 

The short circuit of the battery is mainly caused by the failure of the separator and the 

contact between the anode and cathode. Thus, an important criterion used here is the strain 

of the battery in the out-of-plane direction p . The strain distribution provided by the FE 

model is used to evaluate the mechanical safety levels of these three loadings. 

During out-of-plane compression loading, the load increases at first and drops 

suddenly after a peak value (Fig. 54a). The peak point is the mechanical failure point (load 

drop), which also introduces the ISC (voltage drop). Experimental results indicated that the 

peak loading decreases from 9 kN to about 0.4 kN (Fig. 54a). The strain distributions 

estimated by the FE model shows that the maximum p  decrease from -0.4 to -0.7 (“-” 

sign means compression). Thus, the failure strain is estimated as -0.4. For the bending (Fig. 
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54b), the peak force of the defective battery is also lower than the normal battery. These 

peak points are caused by the bulking of the batteries during bending rather than 

mechanical failure. Thus, the ISC is not triggered. The results provided by the FE model 

show that p  in the defective battery case increases by two orders of magnitude, but it is 

still lower than the short circuit threshold. Similarly, both normal battery and defective 

batteries have no temperature increase and voltage drop for free drop loading (Fig. 54c). 

Because p  is very small under such loading condition. The small temperature fluctuation 

in the free drop test for the defective battery is considered as a noise signal due to the shock 

generated by the impact of the thermocouple sensor. 

Overall, the defect deteriorates the mechanical integrity and increases the safety risk 

of the batteries. 



100 

 

 
 

 

Figure 54 Mechanical safety of the defective battery. (a) Compression loading at 2 mm/min 

(screw, center), the critical failure force of defective battery has a significant decrease due 

to stress concentration; (b) 2mm/min 60mm span 3-point bending, no failure but a peak 

decrease for the defective battery; (c) 160 mm free drop, no failure, voltage, and 

temperature change. 
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5.3.3 Key features for early detection of defective batteries 

According to the experimental results, several possible, detectable characteristics of 

the defective batteries are summarized in Table. 15. For transient variables during the 

defect introducing process, voltage decrease, temperature increase, and SOC loss after the 

process are three major parameters that are possible to be monitored or detected. ISC 

current and resistance cannot be used for detection because the short circuit occurs inside 

the battery and has little influence over the external circuit. These three characteristics are:  

① voltage drops below its discharging cut-off voltage and recovery for a short time 

(0.1s~1s); 

② SOC falls significantly within a short time, and  

③ temperature at any point is above the normal value.  

Due to the data collector frequency limit, the transient characteristics are difficult to 

be captured by BMS, although theoretically possible. A more feasible method is to monitor 

the steady-state variables, which can be measured after at least one cycle. Compared to the 

transient parameters, more steady-state variables could be measured, e.g., cycling voltage-

time curve, cycling period (for each stage), SOH, working temperature, and current leakage. 

Those characteristics are:  

① SOC decreases abnormally in standby conditions due to current leakage;  

② Voltage-SOC curve changes due to capacity loss (the SOC decreases at the same 

voltage);  
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③ SOH decreases abnormally when compared to the last cycle;  

④ Working temperature increase suddenly caused by leakage current;  

⑤ CC charging or discharging period decreases, the CCCV charging period increases, 

and 

⑥ Capacity calculation by time integral current is significantly larger or smaller than 

normal value caused by leakage current.  

Surely, the ISC also cannot be detected by purely measuring internal resistance 

because the short-circuit resistance is much bigger than the original internal resistance and 

has little influence over internal resistance. The battery is suspected of having 

defects/minor damage when any of these conditions are satisfied. Detection accuracy 

depends on resolutions of the related sensors and the amplitudes of these changes. The 

amplitudes are determined by the defected area and position within the battery as we 

discussed above. Conservatively speaking, all the defective batteries that can be identified 

should be reported to users or replaced directly due to the significant increased thermal risk 

and the deteriorated mechanical integrity of defective batteries. The visibility of the defect 

is determined by the accuracy and sensitivity of the related sensors of battery BMS. Thus, 

the thresholds are mainly determined by the sensitivity of the related sensors beyond the 

scope of this research. 

Table 15 Key features of defective batteries produced by the local foreign body intrusion. 

 Transient (1~3 s) Steady-state (at least one cycle) 
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• Voltage drop  

• Temperature increase 

• SOC loss 

• Leakage current  

• Capacity Loss 

Variables Trend  
Reason/ 

Main features 
Trend  

Reason/ 

Main features 

Current × 

Load resistance and 

short-circuit resistance 

are connected in 

parallel 

↗ 
10

0
~10

2 
mA leakage 

current  

Voltage ↘↗ 

Drops 0.5 ~1 V and 

lasts 0.1~1 s; 

Voltage recover to 

~40mV lower than the 

original one; 

Chang

e 

Cycling voltage-time 

curve changes due to 

the capacity loss 

SOC ↘ Decreases ~3 %  ─ 

SOH ─ ↘ 

~ 4 % capacity loss 

1C charging-

discharging Capacity 

↘ ~ 101~102 mAh 

Resistance × 

Short circuit resistance 

(0.1~1Ω) but the 

period is too short 
× 

Short circuit 

resistance (100~103 

Ω) >> Internal 

resistance (~30 mΩ) 

Temperature ↗ 

Local temperature 

increase ~10
2
 K 

↗ 

The steady-state 

increase depends on 

working condition 

Cycle period  ─ 
↗ or 

↘ 

CC Charging ↘ 

CCV Charge ↗ 

CC Discharging ↘ 

↗ increase ↘ decrease × no change or almost no change (unable to identify) 

 

5.4 Conclusion 

Safety risk evaluation of defective battery cell remains an unsolved but pressing 
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problem. In this chapter, we proved that the introduction of minor defects could be 

undetected due to its quick voltage recovery and very local temperature increase during the 

intrusion/ penetration process. We discovered that capacity loss caused by deactivating 

components and current leakage caused by internal minor short-circuit are two major 

indicators for defective batteries. We demonstrated that the defect deteriorates the safety 

level of the cell due to the decreased thermal stability and decreased mechanical integrity. 

As such, the identification of such defective batteries becomes important. To this end, we 

also proposed several methodologies by using either transient or steady-state variables to 

detect the defective batteries which are applicable in BMS. The power of combined 

operando experiments and numerical modeling methodology provides fundamental safety 

risk understanding and insights of defective batteries, as well as develops methodologies 

for future defective batteries identification and risk evaluation.  

.  
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CHAPTER 6 THERMAL RUNAWAY PROPAGATION WITHIN A BATTERY PACK 

In this chapter, we focus on the safety issue when the TR has been triggered: TR 

propagation within battery packs. The TR propagation behaviors of small-size packs are 

experimentally studied. An efficient yet accurate pack TR model is constructed based on 

theoretical analysis and the multiphysics modeling framework. The established model is 

validated by a series of mechanically triggering runaway propagation tests. The 

experimental and simulation results indicate that there are two major thermal spread modes. 

Their governing factors are also discussed. Therefore, the TR propagation mechanism is 

fully revealed to some extent. 

6.1 Methods 

6.1.2 Experimental battery samples 

The battery used in this study is a widely commercialized NCA 18650 lithium-ion 

battery, namely, the Panasonic NCR 18650–B, which possesses NCA/graphite as 

electrodes. The nominal capacity of this battery is 3350 mAh, and its charge/discharge 

cutoff voltages are 4.2 and 2.5 V, respectively. The cell mainly consists of a jellyroll, an 

inside winding nail, and a steel shell. The jellyroll consists of anode and cathode materials, 

separators, current collectors, and electrolytes. In general, the electrolyte is dissolved LiPF6 

salt in carbonate solvents 125. All brand-new batteries are charged to full SOC by a 

BK6808AR rechargeable battery performance tester. 
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6.1.2 Thermal runaway propagation experiment design 

TR propagation tests were performed in an explosion-proof fume hood fixed in a 

universal material test machine, namely, the SANS UTM5000 (Fig.55). The plastic outer 

skin of each battery was peeled away. Specific numbers of single batteries were tied by 

some slender copper wires and then painted by black high-temperature paint to form the 

battery pack used in this study. In some cases, the batteries of each pack were connected 

by nickel sheets in parallel. During the tests, one of the batteries in each pack was 

penetrated by a 2 mm diameter needle with a 6 mm/min loading rate. Simultaneously, a 

camera was used to record the experimental phenomena. An infrared thermal imager was 

used to measure the surface temperature distribution through an infrared transparent 

sapphire window on the explosion-proof fume hood. A multimeter Agilent 34970A was 

applied to collect the voltage data of the battery pack. K-type thermocouples were placed 

at the axial midpoints on the surface of batteries. The temperature contribution of each 

battery is assumed that satisfies the lumped model 12. Therefore, the measured temperatures 

were the average temperatures of the batteries. The batteries were tied with copper wire 

with some pre-pressure. The battery numbers are defined as Fig. 55. In order to facilitate 

the establishment of the model, the battery pack in this paper is a kind of idealized battery 

pack, related fixed structures and other parts in battery modules are ignored. The contact 

relationship among batteries will be abstracted into several equivalent thermal resistances. 
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Figure 55 Schematic illustration of the penetration test’s experimental method. 

Experimental equipment, design and the definition of battery numbers in this paper. 

 

6.1.3 Establishment of the thermal runaway propagation model 

A multi-node numerical model and the balance of energy are adopted to calculate the 

average temperature of each battery. This approximation for small batteries like 18650 has 

been verified that it is reasonable 126, 127. To take the thermal contact among the battery into 

account, the cell jellyroll is considered as a node while the battery shell was divided into 

several nodes according to the pack form. (Fig. 56a–b). Each node is connected to other 

nodes through the equivalent thermal resistance. 

For each jellyroll node, the heat produced during the ISC and TR processes (consisting 

of the Joule heat and the exothermic reaction heater source) is set as its heat sources. The 
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exothermic reaction heater source is calculated by an electrochemical model of a single 

cell jellyroll domain that is established using Arrhenius equations 18, 88.  

The equation of energy balance can be written as follows: 

 p,jr exo, conv_inner, , joule,d di i i k i

k

C T t Q Q Q = + + , (31) 

where the terms jr  (kg/mm2), p,jrC (J/K), T (K) are the average density, the total heat 

capacity and the average temperature of jellyroll, respectively.  

The chemical reaction rates exo,iQ of a single cell jellyroll domain are calculated by 

using Arrhenius equations as follows 18, 88: 

 a a a a b 0d d exp( ) exp( )c t c A E k T z z= −   −  − ,  (32) 

 a a a b 0d d exp( ) exp( )z t c A E k T z z=   −  − ,  (33) 

 s s s s bd d exp( )c t c A E k T= −   − ,  (34) 

 c c c c c bd d (1 ) exp( )t A E k T  =  −   − ,  (35) 

 e e bd d exp( )ec t A E k T= −  − ,  (36) 

 cond ec ec bd d exp( )SoC t ISC SoC A E k T= −    − .  (37) 

Eqns. 32–36 describe the decomposition reaction. T  is the average temperature of 

the cell. ac   and sc   represent the fractions of Li-ion present in the anode and solid 

electrolyte interphase (SEI), respectively. 
c  is the degree of conversion of the cathode. 

z   is the SEI thickness according to the tunneling effect 65, 128. ec  is the dimensionless 

concentration of the electrolyte. Eq. 37 estimates the SOC 129. The term condISC  is used to 

control the triggering of the battery ISC. The ISC triggering condition is set as when the 

temperature of the jellyroll node reaches the separator melting point124, 130 (165°C for the 
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chosen battery). The ISC of the first battery was triggered manually in the model ( condISC

=1 for the first battery).  

The exothermic reaction heater source exo,iQ is defined as follows 18:  

 exo, a c s e ec+iQ Q Q Q Q Q= + + + , (38) 

 a a a ad dQ m h c t= − ,  (39) 

 c c c cd dQ m h t= ,  (40) 

 s s s sd dQ m h c t= − ,  (41) 

 e e e ed dQ m h c t= − ,  (42) 

 ec ec d dQ h SoC t= − .  (43) 

Eqns. 39–42 describe the heat release rate of decomposition reactions. Eq. 43 

illustrates the heat release rate of electrical–thermal conversion during discharging. The 

enthalpies in Eqns. 39–42 have been given by references, as shown in the nomenclature. 

The enthalpy in Eq. 43 is given as follows 18: 

 ec =3600h UC , (44) 

where U is the nominal discharge voltage, and C is the nominal battery capacity.   is the 

efficiency factor that represents how much electrical energy is converted to thermal energy. 

In this model,  = 0.47 was obtained by matching the peak temperature of the experiment. 

Thus, the exothermic reaction power is determined by the instantaneous SOC and 

Temperature.  

The term joule,iQ  represents the joule heat during the discharge produced by the ISC 
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or ISC-triggered batteries in the same parallel connection module. The Joule heat can be 

calculation by Joule's law and Ohm's law 17. For a parallel-connected battery system with 

several batteries (Fig. 56c). If the battery number is N, the short-circuit current can be 

written as follows: 

 ,  (45) 

 r short 0( )iI U N R R=  + . (46) 

Furthermore, joule heats are calculated as follows: 

 ( ) ( )
2 2

joule,1 short 0 short 0 cond( + ) (1 ),Q V N R R N R R ISC=   +  −   (47) 

 ( )
2

joule, short 0 0 cond( ) (1 ), 2,3...iQ V N R R R ISC i N=  +   − = , (48) 

where the term  means that if TR occurs and the separator starts melting, this 

mechanical ISC discharging would be terminated. Note that the additional thermal 

resistance brought by the wires is ignored. 

For other nonparallel connected situations, the ISC-triggered battery has no electrical 

connection with surrounding batteries. Thus, the joule heat can be calculated by Eq. 50 in 

N=1. For the first battery, when SoC=0, the ISC heater joule,1Q will be set as 0. 

conv_inner, ,i kQ  is the heat transfer between the jellyroll node i and the shell node k of 

battery i. Thermal resistance  is set among the jellyroll and shell nodes. conv_inner, ,i kQ  

can be written as follows: 

 s , pconv_inner, , outer2 ( )/i i ki kQ hR T T = − , (49) 

where siT  is the shell node j temperature of battery i, p  is the thermal resistance between 

r0 r

1

N

i

i

I I
=

=

cond1-ISC

p
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the jellyroll and the battery shell. The thermal conductivity of separator is an order of 

magnitude smaller than other materials within the jellyroll 12, thus, p  can be estimated 

by the following equation: 

 p sep sepouter/(2 )t hR  = , (50) 

where outerR  is the outer radius of the jellyroll, sept  is the thickness of the separator, and 

sep  is the thermal conductivity of the separator. 

For shell nodes, the energy equation considers the heat input (consisting of the 

quantity of heat transfer from jellyroll nodes to the shell nodes of thermal conduction), 

thermal conduction among the shell nodes and the heat output (consisting of the quantity 

of heat transfer from a battery to the circumstances of thermal conduction, thermal 

convection, and thermal radiation). It can be written as: 

 s ,s p,s conv_inner, , r, , f , , conv_outer, ,d d ( + + )i k i k i k i k i j

k j

C T t Q Q Q Q = +  , (51) 

where the terms shell , sC  , sT  are the average density, the total heat capacity, and the 

average temperature of battery shell, respectively. Based on the geometrical parameters of 

the batteries, p,jrC  and the average density jr  can be estimated by the following 

equations: 

 p,s p,shell shell shell=C c V ,  (52) 

 shell shell cell=V S t ,  (53) 

 
2

shell outer inner cell outer=2 ( + ) +2S R R l R  ,  (54) 

f , ,i kQ   is the radiation power of shell point k of battery i. conv_outer, ,i jQ   is the heat 
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conduction power between battery i and battery j. Taking quadrilateral packing as an 

example. The related equations 12 are shown as follows: 

 conv_outer, , s , s ,( )/ ci j i k j lQ T T = − − ,  (55) 

 cellf s , amb1/ 4 ( )conv i kQ h T T S= − − , (56) 

where s ,i kT , s ,j lT  are the shell nodes temperatures of batteries i, j respectively; k, l 

represent specific nodes in battery shells. c   represents the total equivalent thermal 

transfer coefficient between the two adjacent batteries (K/W). It is calculated by a FEM 

model (Fig. 57). In this model, two steel pillars of width h with a semi-cylindrical face in 

on end are placed close together. A 100 W input heater is set in one end and a temperature 

boundary condition ambT T=  in another end. The thermal resistance can be calculated by 

the equation shown in the Fig.57. convh  is the convection coefficient.  

r, ,i kQ  is the thermal radiation power. The thermal radiation can be calculated by the 

equation 12, as follows: 

 
4 4

cellr0, , s , amb( - )i k i kQ T T S= ,  (57) 

where   =0.3 12, and 
8 2 4

b 5.67 10 Wm K − − −=    is the Stefan–Boltzmann constant. 

cellS  is the surface area of the battery. According to the geometrical relationship, 1/6 of the 

thermal radiation heat can be absorbed by a neighboring battery based on the ideal 

assumption that the surface heat absorptivity of each battery is 1. For example, if 60°<α≤90° 

(Fig.56c), the rate of each node can be written as (consider the two-way effect of the 

radiation): 
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 r, , r0, , r, ,2 / 3i k i k j lQ Q Q= −  .  (58) 

where r0, ,i kQ  refers to the origin radiant energy emitted of battery i, shell node k and r, ,i kQ  

refer to the total radiant energy released after considering the two-way effect. are the 

surface temperatures of batteries i, j respectively; k, l represent specific nodes in battery 

shells. 

The global ordinary differential and differential-algebraic equation component in 

software COMSOL Multiphysics are used to solve the model. The parameter setups are list 

in Table 16. The step time is set as adaptive. The relative tolerance is set by 10−5. The total 

calculation time is 30 min ~ 60 min (4 cores). 

 

Figure 56 Schematic of the TR propagation model. (a) The thermal equivalent method of 

a single battery and links among cells; (b) Node division method; (c) Schematic of the 

electric connections. 
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Figure 57 Schematic illustration of the cylindrical surface contact resistance measurement. 

(a) Numerical experiment setup and calculation method of equivalent resistance; (b) 

Calculation results, the relationship between spacing and thermal resistance. 

 

Table 16 Parameter values and data sources. 

Parameter Description Value Unit Source 

aA  
Frequency factor for anode 

decomposition 
2.5·1013 s-1 Ref.69 

cA  
Frequency factor for cathode 

decomposition 
6.67·1011 s-1 Ref.69 

ecA  
Frequency factor for 

electrochemical reactions 
3.37·1012 s-1 Ref.18 

sA  
Frequency factor for SEI 

decomposition 
1.67·1015 s-1 Ref.69 

eA  
Frequency factor for electrolyte 

decomposition 
5.14·1025 s-1 Ref.70 

C  Capacity of battery 3.35 Ah Meas. 

U  Nominal voltage of cell 4.2 V Meas. 

aE  
Activation energy for anode 

decomposition 
2.24·10-19 J Ref.69 

cE  
Activation energy for cathode 

decomposition 
2.03·10-19 J Ref.69 

ecE  Activation energy for short circuit 1.58·10-19 J Ref.18 

sE  
Activation energy for SEI 

decomposition 
2.24·10-19 J Ref.69 

eE  
Activation energy for electrolyte 

decomposition 
4.55·10-19 J Ref.70 

ah  
Enthalpy of anode decomposition 

reaction 
1714 Jg-1 Ref.69 
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ch  
Enthalpy of cathode 

decomposition reaction 
314 Jg-1 Ref.69 

ech  Heat released by short-circuit 10.17 kJ Calc. 

sh  
Enthalpy of SEI decomposition 

reaction 
257 Jg-1 Ref.69 

eh  
Enthalpy of electrolyte 

decomposition reaction 
155 Jg-1 Ref.70 

am  Mass of anode 8.1·10-3 kg Ref.131 

cm  Mass of cathode 18.3·10-3 kg Ref.131 

ac  Fraction of Li in anode xa0= 0.75 1 Ref.69 

sc  Fraction of Li in SEI xs0=0.15 1 Ref.69 

c  
Initial degree of conversion of 

cathode 
αc0=0.04 1 Ref.69 

z  
Dimensionless measure of SEI 

thickness 
z0=0.033 1 Ref.69 

ec  
Dimensionless concentration of 

electrolyte 
e0c =0.033 1 Ref.70 

  Efficiency factor 0.45 1 Fit. 

jr  Density of jellyroll 2580 kgm-3 Ref.69 

s  Density of shell 7800 kgm-3 Approx. 

p,jrc  Specific heat capacity of jellyroll 2580 kgm-3 Ref.69 

p,sc  Specific heat capacity of shell 7800 kgm-3 Approx. 

cellV  Volume of cell 1.663·10-5 m3 Calc. 

0R  Internal resistance of battery 40 mΩ Meas. 

shortR  
Equivalent resistance of short-

circuit 
90 mΩ Fit. 

innerR  Inner radius of jellyroll  1.125 mm Meas. 

outerR  Outer radius of jellyroll 9 mm Meas. 
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cellt  Thickness of battery shell 0.11 mm Meas. 

celll  Length of battery 65 mm Approx. 

c  
Equivalent thermal resistance 

between two batteries 
f (d) K/W Approx. 

p  
Equivalent thermal resistance 

between battery shell and jellyroll 
0.0363 K/W Approx. 

convh  
Convection heat dissipation 

coefficient 
10 W/(K·m2) Approx. 

 

6.2 Results and discussion 

6.2.1 Experimental results and calibration of the model 

Four experiments are conducted in this research. At first, the single battery case is to 

calibrate the model parameters of the TR model. The result suggests that the convective 

coefficient is set as 10 W/(m2K) (Fig. 58a).  

A two-battery experiment is conducted to show the typical process of thermal 

propagation (Fig. 58b). When the runaway reaction of the first battery is triggered, its 

temperature increases dramatically to approximately 850 °C. Then, the temperature 

decreases due to thermal convection, conduction, and radiation. The temperature of the 

second battery increases rapidly as soon as the runaway reaction of the first battery is 

triggered. Such a phenomenon indicates that the runaway of the battery can be triggered 

when thermal propagation occurs in the neighborhood battery. The time interval ΔT 

between the two TR reactions of the cells is approximately 5 s. Based on the infrared signal, 

the details of the thermal propagation are presented, which mainly contains five major 

stages,: (1) the internal short circuit of the first battery occurs; (2) the runaway reaction of 
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the first battery is triggered; (3) the flame produced by the first battery starts to heat the 

neighborhood batteries; (4) the overheat of the local area causes the short circuit of the 

second battery, and its temperature increases dramatically; and (5) the runaway reaction of 

the second battery occurs, and a large number of gas blasts the battery case. The battery 

shell fracture appears on the side near the neighboring battery due to the poor heat 

dissipation in the area between two batteries; thus, the accumulated thermal energy softens 

the battery case on the middle side.  

When the size of the battery module is increased to 3×3, as shown in Fig. 58c, the 

duration of the thermal propagation is rather short, and the flame is also very intense. 

According to the temperature curves, the thermal propagation process is exhibited. The 

schematic diagram indicates that runaway reactions of two batteries occur at the same time 

in some stages. The flame produced by the TR reaction triggered batteries is larger enough 

to lead to the ISC of batteries on a larger scale rather than the adjacent batteries. 

Simulation results indicate that this model can predict the triggering runaway reaction 

of each battery well within a pack. Because of vibration and displacement caused by the 

fire and explosion on thermocouples, the middle part of the experimental curves has some 

jitters. Thus, some simulation curves, such as #2 in Fig.58b, do not fit their experimental 

counterpart well. However, from the point of the onset of TR, the peak temperature, and 

the cooling process, the simulation results match the experimental results well (Table 17). 

For larger-scale battery packs, conducting the TR experiment is much more dangerous and 
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expensive. Thus, the numerical model has more merits and significances to understand the 

thermal propagation mode and estimate the propagation speed within large battery packs 

in which the runaway experiments are very difficult to be conducted.  
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Figure 58 Typical results of experiments and comparison between experiment and 

simulation. (a) single battery TR; (b) 1×2 pack TR; (c) 3×3 pack TR. 

 

Table 17 Comparison of triggering time and temperature rise between experimental 

results and simulation results. 

Case # 

Triggering time (s) Temperature rise (℃) 

Exp. Sim. 
Relative error 

rate 
Exp. Sim. 

Relative error 

rate 

2 

batteries 

1 12.75 11.821 -7.29% 721.61 846.18 17.26% 

2 22 14.761 -32.90% 711.37 874.96 23.00% 

9 

batteries 

1 11 10.054 -8.60% 980.71 860.75 -12.23% 

2 12.5 13.618 8.94% 725.58 877 20.87% 

5 14.5 15.57 7.38% 781.69 890.72 13.95% 

9 18 20.2 12.22% 725.2 907.38 25.12% 

 

6.2.2 Thermal runaway propagation of large pack under ideal conditions 

Based on the established validated model, a 20×20 battery pack is discussed. Battery 

spacing pd  is set as 0 mm, the packing angle p  is 90°, the state of charge (SOC) is 

100%, and the ambient temperature Tamb is 25 °C. The runaway reaction of the battery in 

the bottom left corner of a 20×20 battery pack is initially triggered. Approximately 86 s 

after the occurrence of the first runaway reaction, the TRs of all the batteries are triggered. 

Interestingly, the thermal propagation behaviors as a type of wave with a circular front 

during this process (Fig. 59a). Runaway reactions are propagated from each thermally 

triggered battery. The overall propagation front is their envelope. Simulation results also 

suggest that the speed of the front is approximately a const, defined as the spatial speed 

TRv  . And TRv is a function of pd , ambT   and p . Based on these two rules, a concise 

thermal propagation theory is established. Here, the number of the TR triggered batteries 
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is defined as TRN  and the quantitative speed of the thermal propagation TRN  within a 

pack is defined as the increased number of runaway reactions triggered batteries per unit 

time from the onset of the first runaway reaction to the last. According to geometric 

conditions, TRN  can be written as 

 
22

TR pTR P8 ( / )N v D t= ,  (59) 

where P  is the packing density. For pd  = 0 mm, P = 0.785. Define n TR cell
v v D=  as 

the dimensionless propagation spatial speed. Thus, the dimensionless quantitative speed 

TRN  can be written as 

 p

2

TR n16N tv= ,  (60) 

Based on the geometric relationship, the theoretical TRN –t curve is calculated, as 

shown in Fig. 59b. Furthermore, a simple equation can be applied to estimate the total time 

of the thermal propagation: 

 2

n

2

total p p( 1) ( 1) /t vB H= − + − ,  (61) 

where pB  and pH  are the number of batteries in the width and length directions, 

respectively. cellD  is the diameter of the battery. The estimation equation can be written 

in a more universal manner, as follows: 

 total n n/T L v= ,  (62) 

where nL  is the nondimensionalized distance (actual distance normalized by battery 

diameter) between the first TR-triggered battery and the final TR-triggered battery. For 

example, when the initial TR is set inside the pack, the nL  should be the distance between 
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the initial TR battery to the furthest battery within the pack (Fig. 59c). If the pack has an 

irregular shape, the TR propagation can be divided into several subprocesses. For example, 

the T-shaped battery pack’s TR propagation can be divided into two subprocesses (Fig. 

59d). 

For different packing angles, the TR propagation mode does not change. The 

propagation fronts are round. From a quantitative point of view, the TR propagation of the 

p = 60° pack is the fastest, the p =75° pack is the slowest (Fig. 59e). For packs with p  

= 60°, the TR propagation is slow at first but increases quickly and higher than packs with 

p  = 90°. The reason for the first slow propagation and finally quickly increasing are the 

same, the thermal contacts are 3/2 time more than the other two types of packs. For battery 

packs with p =75°, the thermal contact condition is the same as packs with p =90°, 

however, their packing density is low, and the heat dissipation area is larger. 
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Figure 59 Typical results of the TR of a 20×20 ideal thermal contact pack and the estimation 

method of the total TR propagation time. (a) propagation direction and speed; (b) 

comparison between theoretical curve calculated by the propagation theory and numerical 

calculation curve; (c) estimation method for the situation in which the first TR is triggered 

inside; (d) estimation method for T shape packs; (e) propagation speeds at different packing 

angles. 

6.2.3 Propagation modes and speed. 

Further research shows that battery spacing pd  affects the TR propagation speed 

significantly. Normally, the totalt  of a two-battery pack at pd  = 0 mm is approximately 3 

s (Fig. 60a, mode I). For another case at d = 0.01 mm, the totalt  is prolonged to 18.2 s (Fig. 

60b, mode II). The shape of the curves also changes. The essential difference between those 

two phenomena is their different  values. Thus, two modes of TR propagation exist, 

based on the value of . The two modes are also found in experiments (the thermal 

c

c
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images). Mode I: low  leads to a local overheating in the battery surface. The surface 

temperature exceeds the melting point of the separator quickly. The melting of the 

separator produces a local short circuit. This early-triggered ISC further accelerates TR 

triggering. Mode II: high  prevents conductive heat from concentrating on the battery 

surface. The surface and jellyroll average temperatures converge over time. When the 

temperatures reach the TTR (melting point of the separator), the TR will inevitably be 

triggered. The total time of TR propagation is significantly longer than that of Mode I. 

These results can be proven by the surface temperature curve (Fig. 60a). The simulation 

indicates that the threshold  = 0.89 K/W. Based on Mode II (d is set as 0.01 mm, θc = 

2.94 W/K), the TR propagation front tends to be quadrate in a 90° pack (Fig. 60b). In a 60° 

packing scenario, similar results are obtained by the model. The TR propagation front tends 

to be a hexagon (Fig. 60c). 

For Mode II, batteries are mainly heated by the surrounding TR-triggered batteries 

before their TRs are triggered. In this case, the batteries inside are heated by two batteries 

at the same time. Their TRs are triggered more quickly along the direction perpendicular 

to the front compared with that along the front (Fig. 60b–c). However, for Mode I, batteries 

are heated by surrounding batteries and themselves due to their early-triggered ISC. Thus, 

the differences among the TR propagation speeds in all directions are not obvious in this 

case. 

c

c

c
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Figure 60 Typical phenomena and mechanisms of TR propagation when thermal contact 

changes. (a) simulation results: 1×2 pack ( c  = 0.74 W/K (or d = 0 mm) and c  = 2.94 

W/K (or pd  = ~0.01 mm)); (b) propagation front of pack at α=90° under mode Ⅱ; (c) 

propagation front of pack at p =60° under mode Ⅱ. 

In general, the spatial speed as the function of spacing pd , and ambient temperature 

 can be written as  

 amb c amb c( , ) ( , ) ( , )v f d T f K T f K T = = =  (63) 

ambT
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where cK   is the equivalent thermal transfer coefficient, 
c c c ( 0mm)K K K d = =   is th

e normalized equivalent thermal transfer coefficient,T    is the thermodynamic temper

ature.  

Through parametric calculation, the following empirical formula can be obtain

ed 

 
6 0.036 0.56

n c1.62(0.52 2.04 10 )(0.62 )Tv e K
− = +   (64) 

The dimensionless propagation spatial speed v with d between 0~1mm and ambient 

temperature between -20℃~90℃ can be presented as Fig. 61 shown. Consider the 

relationship between spacing and thermal resistance,  

 
0.44

c c1/ 1/ (22.4 )K d= =  (65) 

First, the TR propagation speed increases with , because a high  

corresponds to a high initial thermal energy within each battery. Second, the TR 

propagation speed increases when battery spacing pd  decreases. Decreasing pd  means 

decreasing the equivalent thermal resistance. The lower the thermal resistance, the quicker 

the heat transfer. The pd ,  decide together if TR propagation occurs, and its 

propagation speed (Fig.61). 

ambT ambT

ambT
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Figure 61 Schematic of the coupling effect of battery spacing and ambient temperature on 

TR propagation speed. The value log(v) is used to indicate the TR propagation spatial speed. 

v is the propagation spatial speed and D is the diameter of the battery. 

6.2.4 Thermal runaway propagation under random thermal conditions 

For actual battery packs, the thermal contact condition cannot be very even. Besides, 

the fire or explosion during the TR process, the thermal resistance or heat transfer 

coefficient may change. For example, the fire of a TR trigged battery could also heat the 

sounding batteries expect for the thermal conduction and the thermal radiation. The 

equivalent heat transfer coefficient becomes large. Also, the explosion of a battery may 

push the surrounding batteries away. The equivalent heat transfer coefficient becomes 

smaller. Thus, battery packs with random equal heat transfer coefficients ( cc 1/K =  ) 

between 0 W/K and 2.7 W/K were constructed. The average value of 1.35 W/K is the same 

as the battery packs with pd  = 0 mm and p  = 90° discussed above. Simulation results 

show that the TR propagations of the battery packs with random thermal coefficients are 

stable and little slower than the battery packs with even thermal coefficients (Fig.62a). Due 

to the uneven thermal contact condition, the TR cannot always propagation along a straight 

line, the spatial speed decreases (Fig.62b).  
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Figure 62 TR propagations under conditions with random thermal contacts among batteries. 

The equivalent thermal transfer coefficients are set as random between 0 W/K to 2.7 W/K 

(a) N–t curves and (b) their related possible propagation path. 

6.3 Conclusions 

In this chapter, the behavior and mechanisms of thermal runaway propagation within 

a battery pack are unlocked by a series of experiments and a TR propagation computational 

model. The experiments are conducted by mechanically triggering the TR of a specific-

location battery in battery packs of various sizes. The computational model is established 

by combining the 0D TR, electrical, and thermal conduction models. Two typical modes 

of TR propagation are discovered, and their mechanisms are further provided through 

simulation. 

⚫ Mode I: under low , a local overheating in the battery surface produces a 

local short circuit. This early-triggered ISC further accelerates the TR triggering.  

⚫ Mode II: under high , conductive heat cannot concentrate on the battery 

surface. The surface and jellyroll average temperatures converge over time. When the 

temperatures reach the TTR , the TR will be triggered inevitably. The total time of TR 

c

c
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propagation is significantly longer than that of Mode I. The batteries are mainly 

heated to TTR by their surrounding TR-triggered batteries. 

Within a large pack, the TR propagation front is approximately a circle based on Mode 

I, whereas it is a regular polygon based on Mode II. Numerical computation indicates that 

small packing space and high ambient temperature can increase the speed of TR 

propagation. Results provide theoretical insights into the fundamental understanding of TR 

propagation within battery packs of LIBs along with an efficient and effective 

computational frame for the safe design of battery packs. 

Nonetheless, the simulation methods were idealized or simplify the calculation in this 

study. To accurately simulate a specific battery pack of an electric vehicle, more detail and 

difficult effects, such as the effect of fire and explosion, the effect of the cooling system, 

the effect of battery shape, should be further studied.  
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CHAPTER 7 CONCLUDING REMARKS 

In this work, we developed a systematic study of the multiphysics behavior safety risk 

evaluation of LIB cells. First, the concept of short circuit triggering risk was proposed. 

With the assistance of numerical simulation and experiments, we generate datasets and 

then establish an ML-based model to describe and predict the internal short circuit risk of 

a single cell upon mechanical abusive loading. The coefficient of determination R2>0.90 

for the entire safety risk curve for both cylindrical cells and pouch cells was observed. The 

relative error of the average ISC prediction is less than 6.2%. Furthermore, the 

generalizability of the ML-based safety risk predictor was demonstrated by extending the 

scenarios for cells with various SOCs and loading conditions. Next, four safety risk levels 

were defined according to experimental results, and an ML battery safety risk classification 

model was developed. Our proposed method can accurately predict the safety risk level of 

the LIBs during cycling conditions in an efficient fashion. With the assistance of numerical 

simulation, about 3×105 training samples have been generated, covering common SOC, 

short circuit resistance, and C-rate ranges. The model demonstrated a satisfactory 

performance (prediction score > 0.93) and robustness (prediction scores > 0.87 with a 

voltage error of 0.1 mV). Finally, based on the developed experimental methods, 

multiphysics modeling frameworks, two key safety issues, including defect within cells 

and TR propagation within packs were further investigated. In terms of defect cells, we 

discovered that capacity loss caused by deactivating components and current leakage 
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caused by internal minor short-circuits are two major indicators for defective batteries. The 

defect deteriorates the safety level of the cell due to the increased thermal stability and 

decreased mechanical integrity. In terms of TR propagation, we found two TR propagation 

modes that are determined by the thermal resistance between cells. The TR propagation 

mode significantly influences the propagation front shape and speed. This study 

systematically investigates the very fundamental issues, including ISC, TR, TR 

propagation, and defect based on experimental observation, multiphysics modeling, and 

proposed corresponding evaluation methods based on experimental data, numerical 

computation, and data-driven methodology.  

This work highlights the promise of the multiphysics modeling framework and 

streamlines the methodology for understanding battery safety issues mechanical under 

abuse conditions. The related models and evaluation methods also provide an innovative 

solution for LIB safety design, safety risks evaluation, and safety risk monitoring. 
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APPENDIX A: Support Vector Regression Problem 

Given training vectors 
p

ix  , i=1,2…, n, and a vector 
p

iy  , 𝜀-SVR solves the 

following primal problem: 
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Samples whose prediction is at least   away from their true target will be penalized. 

These samples penalize the objective by i  or i


, depending on whether their 

predictions lie above or below the   tube. 

The dual problem is  
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where e is the vector of all ones, ( ) ( )T

ij i jP x x = is the kernel. The prediction is  
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− + ,  (A5) 
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APPENDIX B: Multiphysics Model Setups for Data Generation 

1) 1-D lithium-ion battery model48  

The geometry and boundary conditions of the battery are shown in Fig. 63. 

 

Figure 63 Model setups of the battery model 

2) 3-D heat transfer model and short circuit considerations 

The boundary conditions were set the Fig. 64 shows. 

 
Figure 64 Boundary conditions of the thermal model 

The short circuit joule heat shortQ  is 65  

 
2

shortshort shortQ I R= ,  (B1) 

where the current I  comes from the battery model. cellQ  is the heat produced by the cell 

during the discharging process. convQ  is the thermal convection: 

 conv ( )conv c ambQ S h T T= − ,  (B2) 

where cS  is the free surface area, ambT  is the ambient temperature, convh  thermal 

convection coefficient, here set as 10 W/(m2K. Considering that the cell will expand and 
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explosion when the TR is triggered, convh  is modified as 
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where conv1h  is modified to make the temperature curve in decreasing stage match the 

experimental results. transQ  is the heat transfer between the cell and the fixture/ indenter: 

 ( )trans t t ambQ S h T T= − ,  (B4) 

where tS  is the total contact area, th is an equivalent coefficient that is set as 40[W/(m2K)].  

4) Thermal runaway model 18, 75, 129 

(a) SEI decomposition, the total rate equals the sum of the decomposition rate and the 

generation rate: 
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ddd
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The decomposition rate is： 
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The generation rate is： 

 
s,g

s,g s,g

d

d

c
K c

t
= ,  (B7) 

(b) The reaction between cathode and electrolyte： 
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(c) Electrolyte decomposition： 
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(d) Anode decomposition 
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(e) Separator decomposition 
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(f) The intense ISC caused by separator collapse and direct contact between anode 

and cathode： 
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where 
i

C
 is a modification term for SOC. 

The heat generation rates are equal to: 
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where xH  is the reaction enthalpy, xm  is the mass density, c, xT  is triggering 

temperature. For Eqn. 18， xH  can be estimated by： 

 
2

ec 3600H U C= ,  (B14) 

where U  is the nominal voltage, C  is capacity,   is the thermal efficiency, set as 0.5. 
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APPENDIX C: Feature Analysis for Safety Risk Classification 

a) Feature importance analysis 

For C1: 

(1) 
0

d d
t t

u t
=

 and 
0

d d
t t t

u t
= −

 are proportional to the i: 

 
d d
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, (C1) 

where C is the capacity of the battery. The voltage slope difference between a 

defective battery and a normal battery is 
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where /leaki u R= is the leakage current.  

(2) 0( )u t  and 0( )u t t−  contain leaki  information as: 
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(3) 
0
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−  is equal to: 
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l n
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  , (C4) 

where leakQ  is the leakage capacity.  

(4) 0( )i t   and 0( )i t t−   influence voltage differences (Eq. C3) and contain 

information about battery SoC: 

 ( ,  )SoC f u i= . (C5) 

For C2: 

(1) 0( )u t  is highly related to SOC (Eq. 23). Based on the feature start voltage and 

start current (or current integration), the initial electrochemical state can be determined.  

Also, it is related to shortR  because the voltage changes when the cell is connected to 

shortR : 
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where 
0( )u t t−  is the voltage before the short circuit. 

(2) 
0
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 is related to shortR : 
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b) Robustness analysis 

Take C1, for example. Consider the classification is based on two of the most 

important features, i.e., voltage and voltage difference: 
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Define the voltage slope difference between a damaged cell and a normal cell   is: 

 ( ) ( )0 0 0 0( ) ( ) ( ) ( )u t u t t u t u t t  = − − − − − , (C9) 

where 0( )u t  represents the signal from the damaged cell. The order of magnitude of 

d is 
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Since ( ) 0u   , when ei  is introduced, the order of magnitude of   changes to  
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( )

2

2

1
( )e

l

ui
t

i R SoC
    


 = + 


. (C11) 

The magnitude of the relative difference is 
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Thus, the accuracy will only be affected when the order of magnitude of ei  is close 

to i. For voltage error eu , according to Eq. C10, the order of magnitude of d changes to: 

 ( ) ( ) ( )eu     = + , (C13) 

Here, we can simply select a common sample and obtain the corresponding values,  
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And 
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c) Parametric analysis 

According to Eq. 28, ( ) ( )( )lt u iR u SoC  =      . Here, u SoC   (slope of 

u – SoC curve) changes little. When i and R remain unchanged, and lt  increases, u  

and   will increase., which means the differences are easier to be captured. 
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APPENDIX D: Calculation of Steady-state Temperature of Defective Cell 

The steady-state temperature can be estimated theoretically based on the defected 

battery equivalent circuit and thermal dynamic equation as 

 p j h r

d

d

T
VC Q Q Q

t
 = + + ,  (D1) 

where pC  is the specific thermal capacity of the battery, ρ is the density of the battery, V 

is the volume of the battery, T  is the battery temperature, 
jQ  is the joule heat power, 

hQ  is the thermal convection power, and rQ  is the thermal radiation power.  According 

to Ohm’s law, 

 s

s 0

E
I

R R
=

+
,  (D2) 

where sI  is the short-circuit current (current leakage), sR  is the short-circuit resistance, 

0R  is the internal resistance and E  is the potential of the cell. The charging current dI  

is equal to the sum of short-circuit current and current through the electrodes 0I : 

 d s 0I I I= + ,  (D3) 

According to Joule’s law, 

 
2

J s s 0( )Q I R R= + ,  (D4) 

The thermal convection power is 

 h ( )ambQ T T hA= − ,  (D5) 

where ambT  is the ambient temperature, h  is the air convection coefficient and A  is the 

convection area. The thermal radiation power is 
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4 4

r ( )ambQ T T A= − ,  (D6) 

where  is the surface emissivity and  is the Stefan-Boltzmann constant.  

For steady-state condition, 

 
d

0
d

T

t
= ,  (D7) 

Solving the equations we can obtain sT T= . 
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APPENDIX E: PERMISSION LETTERS 

Here are the licenses for reusing the contents from my previous publications.  
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