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Abstract: In the domain of Battery Management System (BMS) research, the precise acquisition and
estimation of internal temperature distribution within lithium-ion cells is a significant challenge. The
commercial viability precludes the use of internal temperature sensors, and existing methodologies
for online estimation of internal temperatures under various electrical loads are constrained by com-
putational limitations and model accuracy. This study presents a layered electro-thermal equivalent
circuit model (LETECM), developed by integrating a layered second-order fractional equivalent
circuit model with a layered thermal equivalent circuit model. A lithium-ion battery divided into
three layers was employed to illustrate the development of this LETECM. The model’s precision
was validated against a 3D Newman Finite Element Model (3DNFEM), constructed using actual
battery parameters. Given that the thermal gradient inside the battery is usually more pronounced
under high load conditions, a 10C direct current discharge for 60 s followed by a rest period of 240 s
was adopted as the test condition in the simulation. The results indicate that at the end of the DC
discharge, the temperature difference between the inner layer and the surface of the battery was the
largest and the maximum temperature difference predicted by the LETECM was 3.58 °C, while the
3DNFEM exhibited a temperature difference of 3.74 °C. The trends in each layer temperature and
battery surface temperature obtained by the two models are highly consistent. The proposed model
offers computational efficiency and maintains notable accuracy, suggesting its potential integration
into BMS for real-time online applications. This advancement could provide critical internal tem-
perature data for refining battery charging and discharging performance assessments and lifespan
predictions, thereby optimizing battery management strategies.

Keywords: lithium-ion battery; internal temperature distribution; electro-thermal model

1. Introduction

Lithium batteries, as a crucial energy source, possess notable advantages such as high
efficiency and environmental friendliness, particularly in mobile power applications. They
eliminate issues associated with internal combustion engines like vibration, low efficiency,
excessive weight, and noise, and they do not produce greenhouse gasses or toxic emissions
resulting from incomplete fossil fuel combustion [1,2]. Additionally, lithium batteries
demonstrate faster response times to dynamic loads compared to internal combustion
engines [3]. Considering performance and environmental impacts related to hydrocarbon
emissions, electric power systems are poised to dominate the transportation sector. Indeed,
lithium ion and lithium polymer technologies are already extensively utilized in commercial
vehicles, small commercial drones [4-6], and short-distance yachts.

The increase in battery power and size exacerbates thermal gradients within battery
cells, particularly significant for high-performance applications like electric vehicles operat-
ing in harsh environments. The temperature distribution within batteries, characterized
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by spatio-temporal coupling, is crucial for battery health, as excessive internal tempera-
ture differences can diminish discharge capacity and shorten battery life [7-10]. Extreme
temperatures can lead to safety hazards, including thermal runaway [11]. Experiments on
18,650 cylindrical batteries at a 3C discharge rate exhibited internal to surface temperature
differences of approximately 2.5 °C under natural convection and 5 °C under forced con-
vection [12]. A 10 °C temperature difference was observed in 26,650 cylindrical batteries
during a 6C discharge [13]. Pouch-cell batteries have shown that internal thermal gradients
can accelerate degradation by threefold [14]. Compared to pouch-cells, cylindrical cells
present inferior heat dissipation capabilities, likely resulting in larger thermal gradients [15].
This confirms the presence of internal temperature gradients in lithium batteries, which,
under high load, can exceed the safe temperature differences within battery packs [16].

Advanced BMS should have core functions such as rapid heat dissipation, uniform
temperature field regulation, and early detection of thermal runaway. These thermal
management strategies necessitate the development and employment of a distributed
thermal model for lithium-ion batteries to furnish precise temperature field predictions.
While surface temperature measurement is relatively straightforward, internal temperature
sensing using in-cell thermocouples, although valuable for research [17], lacks practicality
for commercial battery production due to concerns over thermocouple chemical stability
and increased costs.

In recent years, numerous studies have attempted to circumvent complex physical
constraints by employing purely data-driven approaches for the intelligent modeling of
battery thermal processes [18-20]. When sufficient training data are available, the models
established exhibit commendable predictive accuracy. However, as the proportion of train-
ing data decreases, the performance of these models on the test set gradually deteriorates.
Moreover, model updates necessitate time-consuming retraining using accumulated histor-
ical data, rendering them unsuitable for industrial applications requiring rapid responses.
Improved methods such as temporal correlation-based incremental KL (TCI-KL), sliding
window-based KL (SW-KL), and spatial correlation-based incremental KL (SCI-KL) [21-24]
have enhanced computational efficiency to varying degrees. Nevertheless, they still rely on
a retraining update mechanism using a batch of data. Concurrently, data-driven modeling
methods, due to their significant dependence on input/output data, mandate the deploy-
ment of a multitude of sensors within the spatial domain, a requirement that might prove
challenging to fulfill in practical scenarios.

The electrochemical-thermal model, grounded in first principles, meticulously delin-
eates the reciprocal influence between the electrochemical and thermal processes inherent
to lithium-ion batteries. Possessing the utmost physical relevance, these models facilitate
the observation of alterations in physically quantifiable elements that elude measurement
during operational states. In the wake of the seminal modeling endeavors on lithium-ion
battery electrochemical systems by the Newman group, a myriad of mathematical method-
ologies have been employed to scrutinize the dynamic attributes of battery systems [25,26].
The electrochemical-thermal model encompasses a vast array of information, customarily
necessitating the employment of multiple coupled partial differential equations for compre-
hensive description. The intricate model architecture and the surfeit of model parameters
substantially constrain the practical application. Contrastingly, the electrothermal equiv-
alent circuit model (ECM) offers well-defined physical implications and straightforward
mathematical expressions. Typical electrical equivalent circuit models include the resistor
model (Rint model) [27], the first-order resistor-capacitor (RC) model (also referred to as the
Thevenin model) [28], the second-order RC model (i.e., the dual polarization model) [29],
and the PNGV model [30]. These ECMs feature direct and explicit relationships between
parameters and generally involve a comparatively lesser quantity. Consequently, only
ECMs have been implemented in BMS for online real-time computation.

Until now, limited by the computational cost and model accuracy, there are still a
lack of tools to effectively estimate the internal temperature distribution within batteries
under a wide range of electrical loads. This paper introduces the LETECM to address these
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issues. The LETECM is presented in Section 2. In Section 3, the accuracy of the LETECM is
evaluated using a 3D Newman electrochemical-thermal finite element model.

2. Model Description
2.1. Layered Second-Order Fractional Equivalent Circuit Model

The research methods and conclusions in this paper are not limited to types of lithium-
ion batteries, but in this paper, cylindrical lithium-ion batteries are taken as an example. In
the existing research, there are methods to evaluate the internal temperature distribution of
batteries by using the heat transfer model with a layered structure, but there is no electrical
equivalent circuit model with a layered structure.

In recent years, fractional-order equivalent circuit models have been increasingly
adopted [31-33]. The existing literature has demonstrated that fractional-order models can
more accurately reproduce the time—frequency characteristics of batteries. Figure 1 depicts
the second-order fractional equivalent circuit model used in this paper.

Uy Ry Ry
Qs Qs
Figure 1. Second-order fractional equivalent circuit model of lithium-ion battery.

Given the limited contribution of the ultra-high frequency component to the real part
of battery impedance, this study excludes the inductive element from the equivalent circuit.
The resistance Ry represents the transfer impedance of lithium ions and electrons through
the electrolyte, porous separator, conductors, and active material particles. The resistance
R; and constant phase element Qggy characterize the resistive properties and constant
phase behavior associated with the solid electrolyte interface film on the surface of the
active material particles. The resistance R, and constant phase element Qg describe the
solid-state diffusion of lithium ions within the active material, the liquid-state diffusion
in the electrolytic solution, and the transfer impedance at the solid-liquid interface of the
active material, including the electric double layer effect and the constant phase element
arising from its uneven surface [34].

Based on the equivalent circuit model depicted in Figure 1, the proposed layered
equivalent circuit model is shown in Figure 2. Lithium-ion batteries are composed of
multiple composite layers that are wound together, and the relationship between these
winding layers can be considered to be parallel connections within the equivalent circuit.
During the theoretical derivation, a specific number of layers is not designated, and it is
represented by the letter n.

According to Kirchhoff’s current law, the current iy, in Figure 2 can be expressed as:

n

. o 1 . Uocv — Uy 1
lbm*zll*ZT )
i=1 i=1 1

where Z; represents the impedance of branch i. The relationship between voltage and
current can be expressed as:

-1

; —1
Hocy — () _ Z(Roi-f— ! PR ) @

] T .
i(s) i=1 Ry T Qsens® g+ QsisPi

where « and f is the fractional order.
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Figure 2. Layered second-order fractional equivalent circuit model of lithium-ion battery.

Equation (2) represents the mathematical formulation of the layered fractional equiva-
lent circuit model for lithium-ion batteries. This equation allows for the computation of the
battery’s impedance spectrum. Subsequently, the real part of this impedance spectrum can
be derived. The heat generation power of the battery can then be calculated, which serves
as the input to the thermal model of the battery. In conjunction with this, the LETECM of
the battery is established. As inferred from the aforementioned formula, an increase in
the number of layers results in a higher order for the model and a corresponding rise in
the number of parameters to be identified. An excessive number of layers can result in a
substantial computational load and protracted calculation times for the model. Therefore,
the selection of the number of model layers should strike a balance between accuracy and
computational load.

In this study, a three-layer model is employed. For cylindrical batteries, this model
partially accounts for the non-uniform radial parameter distribution while overlooking the
axial parameter variations. Given the spiral configuration of the anode, cathode, separator,
and current collector within the battery, which results in high thermal conductivity along the
axial direction, such an approximation is justified. Concurrently, to minimize the number
of model parameters and ensure that the extension length of each layer is consistent, the
parameters for each layer are solely coupled with temperature and are not associated
with geometric characteristics. Following the arrangement of the transfer function for the
three-layer model using Equation (2), we obtain:

"y , , 1N\
uocy —uy(s) _ 3 (ﬂlisﬂ"Jrﬁ’ + 35" + az;sPi + ﬂ4i> 3)
i(s) S\ bus®Pi 4 byisti + bysPi 41
The expansion formula of each parameter in the above formula is as follows:
a1; = RoiR1iR2iQsEriQsi
a2; = RoiR1;Qseri + R1iR2iQsEri
a3;i = RoiR2iQs;i + R1iR2Qs;
a4;i = Roj + Ry + Ry; 4)
b1; = R1iR2iQsEriQsi
byi = R1iQskri

bsi = Ry Qs
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The model encompasses a total of 21 parameters that require identification. Further-
more, the inability to measure currents within different regions of the battery cell presents
challenges for parameter identification. Therefore, in practical parameter identification, it
is possible to proceed using a lumped parameter approach. The equivalent circuit model
incorporates the open-circuit voltage upcy. Its functional relationship with the state of
charge (SOC) can be described using the Nernst model [35].

2.2. Layered Thermal Equivalent Circuit Model

In this study, a layered thermal equivalent circuit model is introduced to assess the
internal temperature distribution of cylindrical batteries. The model subdivides the interior
of the battery, and with an increased number of layers, the model more accurately represents
the actual temperature distribution within the battery. However, a higher number of layers
also necessitates greater computational power. Given that heat transfer characteristics can
be analogized and simplified through electrical behavior, transforming the heat transfer
model into an equivalent circuit model allows for the direct formulation of differential
equations using Kirchhoff’s current or voltage laws. This facilitates the computation of the
dynamic temperature distribution within the battery.

The steel shell of the battery has a thickness of approximately 0.2 mm, and while its
radial temperature distribution can be disregarded, its heat capacity cannot be overlooked
and is considered to be a lumped parameter. The equivalent circuit model for ann + 1
layer, constructed on this premise, is illustrated in Figure 3. The temperature of each layer
is expressed by Uax (x =1, 2, ..., n), and the shell temperature is expressed by Us. The
material’s equivalent thermal conductivity and the thermal resistance between layers are
denoted by Rax (x =1, 2, ..., n). The contact thermal resistance between the outermost
material and the shell is represented by Rys. The equivalent heat transfer resistance due to
convection and radiation between the shell and the surrounding environment is denoted
by Ry The heat capacity of each layer within the battery is defined as Cax (x=1,2, ..., n),
and the heat generation power is analogous to a current source with current values of
Lx (x=1,2,...,n). The external environment of the battery is likened to a voltage source
with Uy.

Layer | Ra  Layer2 Re Layer n Ran Rus gpopp Rr

Cau

Figure 3. Layered thermal equivalent circuit model of lithium-ion battery.

Consistent with the example in Section 2.1, the number of layers is 3. In accordance
with Kirchhoff’s circuit laws, the nodal current equations can be formulated at the inter-
sections of circuits representing each layer, with electrical parameters substituted for the
aforementioned thermal parameters. The three layers and shell thermal equivalent circuit
model can be expressed by the following equations.

dTal TaZ - Tal
L 1 —— =2AAp——+P, 5
ayer a1~ 127575, + Pn ®)
dTaZ Tal - TaZ Tu3 - TaZ
L 2 —= =2AAp—=+2AAp3— =+ P 6
ayer MyCan n 12 A + 23 5y 1 05 + P2 (6)
arT, 3 TS - Tu3 TuZ - Tu3
Layer 3 M3Cp3—> = +20Ap——— + P )
as- gt #{%354»]{35 b3+ 6
dT. Tz — T Ty —T.
Shell R T T e )
2)\/3\35 +R3s sf
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where m, is the x-th layer quality, T,y is the x-th layer temperature, T; is the shell tempera-
ture, Tf is the ambient temperature, P,y is the heat generation power of x-th layer, A is the
area between layers, ¢ is the thickness of layer, and A is the thermal conductivity (x =1, 2,
..., ).

The battery is divided into three layers, and the length of each layer’s winding struc-
ture is the same, so the volume of each layer is the same. In this case, both A and ¢ in
the equation set can be directly calculated based on the dimensions of the battery. Other
parameters such as heat capacity and thermal conductivity can be derived from the material
properties of the battery.

2.3. Layered Electro-Thermal Equivalent Circuit Model

Using the layered second-order fractional equivalent circuit model and layered ther-
mal equivalent circuit model in the above chapter, the LETECM as shown in Figure 4
is constructed.

Layered electrothermal equivalent circuit model

Layered second-order fractional equivalent circuit model

I |

] |

1 |

| Layer 1 :

1 ” :

1 I

’ — l

2 ko B ft |

! Layer 2 :
S 1 o u(®) ]

I

. |

Layer 3 !

|

I

I

|u.,c;r(soo |<»—{ SOC=((SOCo.i.t) |<— :

I

______________________________________

Figure 4. Schematic diagram of layered electro-thermal equivalent circuit model.

Firstly, the parameters of the equivalent circuit model are determined based on the
initial temperature T and initial SOCy of the battery through a lookup table. In conjunction
with the upcy, which is also looked up, and the input current i(t), the polarization voltage
can be computed within the equivalent circuit model and, subsequently, the heat generation
power P; for each layer. The open-circuit voltage temperature coefficient reflects the
reversible chemical reaction heat of the battery, which is defined as dE/dT. The temperature
coefficient of the open circuit voltage is a function of SOC and temperature [36]. Then,
using the ambient temperature T,, the heat generation power of each layer, and the initial
temperature of the battery, the temperature rise in each layer is calculated in the heat transfer
model. This information is immediately fed back to the electrical model to update its
parameters for the next iteration of heat generation power calculation. Through this iterative
process, dynamic information regarding the core temperature T, and the temperature
difference between the surface and the core can be obtained. Similarly, the SOC(t) and up(t)
of the battery can be calculated.

3. Simulation Verification and Discussion
3.1. Finite Element Model Based on 3D Newman

Without compromising the integrity of the battery, it is impossible to directly ascertain
its internal temperature. Furthermore, the stratified current density remains immeasurable
through experimental means. Consequently, to validate the precision of the LETECM, this
study employs specific battery specimens (whose parameters are delineated in Table 1)
to construct a finite element model grounded on the 3D Newman model, necessitating
substantial computational resources.
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Table 1. Parameter list of battery samples.

Parameter Value Unit
Type INR1865025P -
Positive /negative electrode material LFP/Graphite -
Rated capacity 2500 mAh
Nominal voltage 3.6 v
Charge/discharge cut-off voltage 42/2.5 \%
Maximum charging current 4 A
Maximum continuous discharge rate 12 C
Quality 48 g

This model is a comprehensive 3D Newman model, inclusive of an additional di-
mension that describes the intercalation and diffusion of lithium particles at the granular
scale. Moreover, the model takes into account the heat generation and thermal conduction
processes caused by Ohmic polarization, electrochemical polarization, and more, involving
components such as electrodes, separators, and current collectors. A composite sheet is
rolled according to Figure 5. The thickness of the composite sheet is 3.34 x 10~* m. It con-
sists of individual layers of a positive current collector, a positive electrode, a diaphragm, a
negative electrode, a negative current collector, a negative electrode, a diaphragm, and a
positive electrode from bottom to top [37,38]. The whole winding structure is placed in a
steel casing filled with electrolytes. Using the composite sheet of the battery as a unit and
following the principle of equal volume, the interior of the battery is divided into three
layers. In polar coordinates, the calculated angle of the inner layer is from 0 to 16.5657,
the middle layer from 16.5657 to 26.3257, and the outer layer from 26.3257 to 347. The
highlighted middle section in Figure 5 represents the middle layer.

Positive Current Collector
Positive Electrode Layer
Separator

Negative Electrode Layer
= Negative Current Collector

Negative Electrode Layer

Separator

Positive Electrode Layer

m

Too Tooos 0006 o004 ooz B o002 o004 To.008 To.008

Figure 5. Battery model and diagram of battery divided into three layers.

3.2. Parameter Identification for LETECM

Electrochemical impedance spectroscopy is a crucial method for revealing the internal
dynamics of electrochemical devices. A small sinusoidal variation is applied to the potential
of the working electrode, and the resulting current is analyzed in the frequency domain.
The real and imaginary parts of the impedance provide information about the battery’s
kinetics and mass transfer properties, as well as capacitive characteristics. The Nyquist
plot is the most common way to present impedance experiment results, with the real



Batteries 2024, 10, 406

8 of 15

part (resistance) plotted on the x-axis and the imaginary part (reactance) plotted on the
y-axis [39]. In the finite element model, an AC amplitude of 5 mV is set with a frequency
range of 0.01-1 kHz. The initial temperatures are set to 25 °C, 35 °C, 45 °C, and 55 °C.
Impedance data at different SOC levels are obtained by setting the initial concentration of
positive and negative material particles to achieve an SOC lower limit of 5% and an upper
limit of 95%, with a 15% SOC interval.

The impedance data mentioned above are employed to conduct parameter identifica-
tion on the LETECM. The parameter fitting outcomes for various temperatures and SOCs
are organized, resulting in seven parameters for the model as shown in the figure below.

Ry characterizes the transfer impedance of lithium ions and electrons through the
electrolyte, porous separators, conductors, active material particles, etc. As shown in
Figure 6. The temperature range in the simulation, 25-55 degrees Celsius, represents the
normal operating temperatures for lithium-ion batteries, and it can be observed from this
figure that Ry tends to decrease gradually with increasing temperature. Ry does not vary
significantly with SOC.

(25 35 C [45C IS5 |

0.018
0.016 |
0.014 +
0.012 |

0.01r
0.008

Resistance((2)

0.006 -
0.004
0.002 r

20 50 80
SOC(%)

Figure 6. Identification result of LETECM: Ry.

In the high-frequency region, the resistance (R;) corresponding to the surface SEI
film of active material particles and the constant phase angle element (Qsgy) are identified,
where Qg is represented by the capacitive reactance T and the fractional order P;. As
shown in Figure 7. It can be observed that the capacitive reactance and fractional order
vary significantly at low SOCs and they are more affected by temperature under low
SOC conditions.

In the mid-to-low frequency region, it is characterized by the resistance (R;) and
the constant phase element (Qg). This portion of the resistance consists of the trans-
fer impedance of charges at the solid-liquid interface of active materials, as well as the
solid-state diffusion impedance within the active materials and the liquid-phase diffusion
impedance in the electrolyte solution. As shown in Figure 8. When the SOC is 5%, this
impedance primarily occurs at the cathode, resulting in a significantly large impedance.
The double-layer effect causes T, to become extremely small.
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Figure 7. Identification result of LETECM: (a) Ry, Qsgg include parameters (b) T and (c) P;.
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3.3. Verification of the LETECM

To verify the validity and precision of the model, a 10C (25 A) discharge simulation
is conducted using the finite element model and the thermal-electrical model. The initial
values and experimental conditions for both models are set identically. Upon completion
of the simulation, a comparison is made of the temperature changes over time in the inner,
middle, outer layers, and surface of the cell core, as well as the current changes over time
in the inner, middle, and outer layers.
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During the 10C discharge simulation, the starting SOC is set to 95%, with continuous
discharge for 60 s and a total simulation duration of 300 s. The curves showing the changes
in temperature and maximum temperature difference over time in the inner, middle, outer
layers, and surface for both models are presented in the figure below.

The temperature rise and fall trends in the two models are very consistent. As shown
in Figure 9. At the end of DC discharge, the temperature difference between the inner
layer and the surface of the battery is the largest. The maximum temperature difference for
the finite element model is 3.74 °C, while that for the thermal-electrical model is 3.58 °C.
Throughout the simulation process, the greatest difference occurs at the end of the greatest

discrepancy between the two models occurs at the end of the simulation, with a difference
of 0.4 °C.

55 T

Temperature of inner layer
Temperature of middle layer

50 + Temperature of outer layer
Temperature of surface
Maximum temperature difference

Temperature(C)
S S
o (4]

w
(5}
T

30

25 . . . . .
0 50 100 150 200 250 300
Time(s)
(a)
55 .

Temperature of inner layer
Temperature of middle layer

50 F Temperature of outer layer
Temperature of surface
Maximum temperature difference

Temperature(C)
S S
o (4]

w
o«

30

25 1 1 L 1 1
0 50 100 150 200 250 300
Time(s)

(b)

Figure 9. Curve of inner layer temperature, middle layer temperature, outer layer temperature,
surface temperature and maximum temperature difference: (a) LETECM, (b) 3SDNFEM.

The variation curves of current over time in the inner, middle, and outer layers for
both models are shown in the figure below (inner, middle, and outer layers).

In the LETECM, the battery is numerically divided into three equal parts. Therefore,
the current in the three layers is equal at the start. In the 3DNFEM, the battery is geo-
metrically divided. The geometry is trisected based on the length integral of the spiral
curve. Then, the rotation angles of the equidistant points in the polar coordinate system are
calculated. The current calculated by angular integration is not strictly equal. As shown in
Figure 10. The initial current of the inner layer and the outer layer differs by 0.01 A. As
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the simulation progresses, the influence of temperature on physical parameters causes the
current difference between the three layers to increase. From the figure above, it can be
seen that the current change trends in the two models are consistent. At the maximum
temperature difference, under the LETECM, the current difference in the three layers is
0.008 A. In the 3DNFEM, excluding the initial difference, the current difference caused by
temperature is 0.009 A.

8.35
Current value of inner layer
Current value of middle layer
8.345 Current value of outer layer
8.34 |
< i
© 8.335 S
E R
O
8.33
8.325
832 L L L L L
0 10 20 30 40 50 60
Time(s)
(a)
8.35 T
Current value of inner layer
Current value of middle layer
8.345 - Current value of outer layer
8.34 — i

Current(A)
[e-]
w
w
(3]

8.33F
8.325
832 1 1 1 1 1
0 10 20 30 40 50 60
Time(s)
(b)

Figure 10. Curve of inner layer current, middle layer current and outer layer current: (a) LETECM,
(b) 3SDNFEM.

4. Conclusions

This paper utilizes a computationally inexpensive layered electro-thermal equivalent
circuit model for estimating the internal temperature of cylindrical lithium-ion batteries.
The battery was divided into three equal volume layers in terms of size, and a 10C continu-
ous DC discharge simulation was performed. The temperature trends in each layer and
the surface temperature of the battery obtained from the LETECM and 3DNFEM are very
consistent. These prediction results demonstrate good accuracy at a lower computational
cost, indicating that the LETECM could potentially be deployed in BMS for online real-time
operation. This advancement could provide critical internal temperature data for refin-
ing battery charging and discharging performance assessments and lifespan predictions,
thereby optimizing battery management strategies.

The model parameters are stored in the form of a parameter map that varies with
temperature and SOC in this paper. The fractional order is not sensitive to temperature
and SOC, which allows for further simplification of the model to conserve resources. As
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controller computational power increases, the model can be conveniently expanded to more
layers. Consequently, more data on the internal temperature distribution of the battery can
be obtained. It is important to note that the model presented in this paper is specifically
applicable to cylindrical lithium iron phosphate batteries. Should the model be extended to
other types of cylindrical lithium-ion batteries, adjustments to the equivalent circuit model
are necessary according to the battery type and its impedance spectral characteristics. If the
model is to be applied to prismatic or other shaped lithium-ion batteries, corresponding
modifications in the geometric layering of the model are required.
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Nomenclature

Symbol  Abbreviation

Uocv open circuit voltage of the battery (V)

Ro the transfer impedance ((2)

the resistive properties associated with the solid electrolyte interface film on the surface
of the active material particles ((2)

R; the transfer impedance at the solid-liquid interface of the active material ((2)

the constant phase behavior associated with the Solid Electrolyte Interface film on the

Ry

Qsel surface of the active material particles (F)

Qg the constant phase element arising from its uneven surface (F)

n number of layers

ipat battery current (A)

i (i=1,2,...,n)current in the i-th layer (A)

Z; (i=1,2,...,n)impedance of branch i ((2)

S Laplace operator

« fractional order

B fractional order

Rax (x=1,2,...,n) thermal resistance between x layer and x + 1 layer(K/W)
Rns thermal resistance between the n layer and the shell (K/W)

Ryt thermal resistance between the shell and the surrounding environment(K/W)
Cax (x=1,2,...,n) heat capacity of x-th layer within the battery (J/(kg-K))
Cs heat capacity of shell (J/(kg-K))

I (x=1,2,...,n) the heat generation power is analogous to a current source with current
ax values of I« (W)

Uax (x=1,2,...,n) the x-th layer temperature (K)
Uy the ambient temperature (K)

Us the shell temperature (K)

my (x=1,2,...,n) the x-th layer quality (kg)

Tax (x=1,2,...,n) the x-th layer temperature (K)
T the ambient temperature (K)

Ts the shell temperature (K)

Pax (x=1,2,...,n) the heat generation power of x-th layer (W)
A area between layers (m?)

5 thickness of layer (m)

A thermal conductivity (W/(m-K))
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