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A Mechanism-Data Driven Self-Adaptive Online
Estimation Algorithm for 3-D Temperature

Distribution of Battery
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Abstract—Lithium batteries receive widespread attention as
core components in electric vehicles, with their performance be-
ing significantly influenced by temperature. To enable accurate
online estimation of battery temperature, this article proposes
a self-adaptive 3-D thermal modeling method. The model’s self-
adaptation is achieved through a two-step resistance transfer algo-
rithm (RTA). First, a linear relationship between temperature and
battery resistance is established based on the Arrhenius equation.
This relationship is used to calibrate the migration coefficient
from the reference battery resistance to the target battery resis-
tance. Second, the heat generation model of the target battery is
updated based on this migration coefficient to achieve thermal
model self-adaptation. For precise online temperature estimation,
a 3-D thermal conduction equation is solved in place of a lumped
parameter model, and a thermal resistance network is developed to
simplify the equation and expedite the solution process. This net-
work divides the battery into microstructures and refines the heat
transfer relationships of these microstructures using the first law of
thermodynamics. Based on these models, we propose a mechanism-
data-driven self-adaptive algorithm to accurately compute the bat-
tery’s 3-D temperature distribution online. Testing on different
batteries shows that RTA achieves accurate resistance transfer with
a maximum error below 0.0341 mΩ, whereas the online thermal
model estimates temperature distribution with a computation time
of 0.496 s and an error below 1.515 °C. Additionally, the comparison
results demonstrate that this method (0.496 s) is significantly more
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efficient than the finite element method (2662.33 s) in terms of
computation time.

Index Terms—Electric vehicle, lithium-ion battery, online
electrothermal modeling, resistance transfer algorithm (RTA), 3-D
thermal resistance network.

NOMENCLATURE

A. Parameters
RT Resistance of the battery.
Ea Active energy.
R Gas constant.
T, Ta Temperature of the battery and ambient.
SOC Battery SOC value.
a Slope of the linearized resistance.
b Intercept of the linearized resistance.
Ka Slope ratio of the target and original battery.
Kb Intercept ratio of the target and original battery.
REave Average relative error.
Var Variance.
Q Heat generation rate.
UOCV, V, I Terminal voltage, voltage, and current of the bat-

tery.
MA, VA Mass and volume of zone A.
ρ, Cp Density and specific heat capacity of the battery.
Rt Heat resistance.
d Effective distance between the microstructure.
s Surface area of the microstructure.
k Thermal conductivity coefficient.
h Heat exchange coefficient.
dUOCV/dT Entropy heat coefficient.

B. Abbreviations
EVs Electric vehicles.
SOC State of charge.
SOH State of health.
SOT State of temperature.
SOTD State of temperature distribution.
BTMS Battery thermal management systems.
LTM Lumped-parameter thermal model.
PA Polynomial approximation.
HPPC Hybrid pulse power characteristic.
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FEM Finite element method.
RTA Resistance transfer algorithm.
TRN Thermal resistance network.
LRM Linearized resistance model.
MAE Mean absolute error.

I. INTRODUCTION

E LECTRIC vehicles (EVs) have become an important de-
velopment direction of the world’s transport carriers with

the advantages of energy conservation and environmental pro-
tection [1], [2]. Lithium batteries, due to their high specific
energy, high power density, and long service life, are considered
the best solution for energy storage systems of EVs [3]. Although
lithium batteries have become commonplace as the power unit
of EVs, there are still many issues that plague the safety and
stability of lithium batteries, such as poor low-temperature per-
formance and thermal runaway [4], [5], [6]. Meanwhile, owing
to the sealed nature of the battery, key parameters including state
of charge (SOC), state of health (SOH), internal resistance, and
core temperature cannot be directly obtained through simple
measurements, except for a few parameters such as current and
voltage [7], [8], [9]. For the above critical state parameters of the
battery, SOC, SOH, and resistance are all affected by the battery
temperature [10]. The optimal performance of the battery also
depends on its operating temperature [11], [12]. However, the
gradual increase in the size of the battery and the inhomoge-
neous heat transfer characteristics make it difficult to accurately
obtain the state of temperature (SOT) of the battery core [13].
Therefore, accurate SOT distribution (SOTD) reconstruction is
needed to obtain the precise temperature field of the battery.
It enables the provision of reliable SOT information for battery
thermal management systems (BTMS) and has an important role
in the battery management of EVs [14].

The reconstruction of SOTD mainly relies on the heat gen-
eration model and heat conduction model, they are collectively
referred to as the thermal model [15], [16]. Currently, thermal
models can be classified into online and offline thermal models,
depending on the modeling process and operating characteris-
tics. For the online thermal model, the parameter identification
method is utilized to obtain the resistance parameter based on
the current and the voltage [15]. The heat generation model of
the battery is then constructed based on the identified resistance
and Bernardi equation. For example, Shi et al. [17] constructed
a thermal characteristic model of the battery and the forgetting
factor recursive least squares algorithm is used to realize the
online identification of the parameters of the lumped thermal
characteristic model. Li et al. [18] applied the auxiliary model
modified forgetting gradient algorithm to verify the battery resis-
tance online. Wang et al. [19] used the parameter identification
model based on the limited memory recursive least squares to get
the resistance online. However, this sort of method is based on a
certain operating condition to achieve parameter identification;
the parameter is fixed values and generally tied to operating
condition attributes, and it cannot adapt to different SOCs and
temperatures. Therefore, this type of method is subject to accu-
racy errors when used for heat generation calculations different

from the identified operating conditions. In terms of heat trans-
fer, online thermal modeling needs to avoid complex arithmetic,
thus, simplifying the heat transfer relationship is necessary. The
main simplification methods are the lumped parameter method
and the model reduction method. He et al. [20] implemented
temperature simulation analysis under the 1-D level using a
lumped-parameter model, with a maximum error of 4.5% but
a significant increase in computational speed, it only requires
3.9% of the time used by the computational fluid dynamics
(CFD) model. Song et al. [21] implemented the core and case
temperature prediction based on a lumped-parameter thermal
model (LTM), and the predicted temperature is validated based
on a homemade small soft pack battery with a relative error of
no more than 5%. The LTM improves computational efficiency,
but it directly ignores the internal heat transfer information of
the battery, which will produce a large error in the temperature
prediction of high-rate charge/discharge for large-volume bat-
teries. The model reduction method is common in distributed
thermal models, and it simplifies the 3-D battery temperature
field by the polynomial approximation (PA). Richardson and
Howey [22] used the PA method to achieve a reduced order of
the cylindrical heat equation. The PA method ignores the heat
conduction process and the influence of the BTMS. Due to its
substantial simplification, it is difficult to accurately diagnose
the battery temperature field information and adapt to different
operation conditions. For the offline thermal model, resistances
are tested at different temperatures and SOCs via the hybrid
pulse power characteristic (HPPC) experiment to construct the
multiparameter resistance response surface model, and the heat
generation model is established based on the offline resistance
model. Xie et al. [23] conducted extensive HPPC tests to obtain
resistances at different temperatures and SOCs for a reasonable
heat generation model based on the Bernardi equation and solved
the thermal conduction by the finite element method (FEM).
Despite the high accuracy of the model, it is developed only
for specific batteries and cannot be adapted to other batteries to
complete online adaptation. The offline heat conduction model
mainly uses the FEM to solve the 3-D temperature field. For
example, Pordanjani et al. [24] explored the effect of a cooling
system on electrochemical-thermal performance when batteries
are designed in various configurations based on the FEM. The
advantage of FEM is its high accuracy, albeit at the cost of
extensive calculations. Therefore, the FEM is usually used in
battery design and cannot be applied in online scenarios.

In summary, the problems that need to be solved for the
high-precision online solution of the 3-D temperature field are
as follows: 1) accurate online modeling of battery internal resis-
tance and 2) fast calculation of the thermal conductivity equation
for the 3-D temperature field. Given the above problems, a
self-adaptive 3-D online thermal model is proposed based on
the resistance transfer algorithm (RTA) and the 3-D thermal
resistance network (TRN). The proposed RTA enables online
self-adaptation for the resistance-based heat generation model.
The thermal conduction network model achieves efficient 3-D
temperature field reconstruction by simplifying the calculation
of heat conduction, which allows the 3-D thermal model for
online applications.
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Fig. 1. Flowchart of the main procedure.

The main contributions of the study can be listed as follows.
1) Constructing a generalized representation of battery inter-

nal resistance with respect to SOC and temperature based
on the linearized Arrhenius equation.

2) The RTA is proposed, offline data combined with a mi-
gration coefficient calibration algorithm of RTA enables
highly accurate online modeling of the battery heat gen-
eration model.

3) To realize online 3-D heat conduction calculation, the 3-D
TRN is proposed to discretize the battery, it preserves the
heat transfer characteristics inside the battery and enables
fast calculation of the 3-D temperature field with the
calculation durations of different batteries no more than
0.496 s.

The main procedural steps of this study are shown in Fig. 1.
The rest of this article is organized as follows. Section II

describes the general expression of battery resistance and the
experiment profiles. Section III introduces RTA and its appli-
cation to the heat generation model. Section IV introduces the
3-D thermal model based on the TRN. Section V validates the
application effect of the 3-D thermal model. Finally, Section VI
concludes this article.

II. GENERAL EXPRESSION OF BATTERY RESISTANCE AND

EXPERIMENT

A. Linearized Resistance Model Based on Arrhenius Equation

Researchers have identified that the relationship between the
electrochemical processes and the temperature of the lithium
battery can be described by the Arrhenius equation [25]. Mean-
while, battery resistance shows a high correlation with electro-
chemical processes [25], [26]. Therefore, researchers explored
the following relationship between the temperature and the

Fig. 2. Coordinate system transformation diagram.

Fig. 3. LRM of LFP (25 Ah) at different SOCs.

battery resistance based on the Arrhenius equation [27]:

1

RT
= K · exp

(
− Ea

RT

)
(1)

where RT is the resistance of the battery, Ea is the active energy,
R is the gas constant, T is the Kelvin temperature of the battery,
and K is a constant. It can be expressed as

ln

(
1

RT

)
=

(
−Ea

R

)
· 1
T

+ lnK (2)

such that {
ln
(

1
RT

)
= R′

1
T = T ′ .

(3)

The linear relationship can be found more intuitively through
the coordinate system transformation as shown in Fig. 2, and the
linearized resistance model (LRM) can be expressed as

R
′
T = a · T ′ + b (4)

where {
a = −Ea

R
b = lnK

. (5)

B. General Expression of Battery Resistance at Different
Temperatures and SOCs

As shown in Fig. 3, the relationship between the battery re-
sistance and the temperature can be illustrated by (4). However,
in addition to temperature, the SOC of the battery is another
important factor affecting battery resistance. Therefore, to obtain
a complete model of the internal resistance of the battery, it
is necessary to derive a generalized expression for the internal
resistance of the battery at different SOCs and temperatures.

The LRM at different SOC states can be expressed by a cluster
of similar straight lines, as shown in Fig. 3. To obtain a general
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TABLE I
TECHNICAL SPECIFICATIONS OF BATTERIES

expression of resistance at different SOCs and temperatures, a
polynomial is used to fit the relationship between a, b, and SOC,
so (4) is changed into the following equation:

R
′
T (SOC, T ) = a (SOC) · T ′ + b (SOC) (6)

where {
a (SOC) =

∑n
i ci · SOCi + C1

b (SOC) =
∑n

i di · SOCi + C2
. (7)

Equation (6) establishes a general representation of battery
internal resistance at different SOCs and temperatures. It is the
basis for performing the RTA, and the resistance of the battery
at a certain SOC and temperature can be calculated by

RT (SOC, T ) = eR
′
T (SOC,T ). (8)

C. Date Preparation

Battery experiments are necessary to obtain the total resis-
tance at different temperatures and different SOCs and evaluate
the proposed method. Researchers found by comparing that the
resistance obtained by the HPPC method for battery thermal
modeling has better performance [28], and the online internal
resistance used for RTA is also based on pulsed currents. There-
fore, the HPPC test is conducted to obtain the total resistance
of the battery. The test is performed at different temperatures
(10 °C, 20 °C, 30 °C, 40 °C) and different SOCs (90% SOC
to 10% SOC with an interval of 10%). The impulse current
is 1 C (C-rate is the measurement of the current with respect
to its nominal capacity). In this article, NCM111, NCM523,
NCM622, NCM811, and LFP batteries are tested, and the tech-
nical specifications are shown in Table I.

As shown in Fig. 4(a), Neware BTS-8000 (5 V, 100 A) is used
as the battery tester, and its measurement accuracy is ±0.1%.
The temperature control accuracy of the thermostat is ±0.5 °C.
The battery surface temperature is collected by a Keysight
34970A temperature collector with K-type thermocouples with
an error of±0.75%. The battery is charged with CC-CV mode at
25 °C with 1 C constant current, then the HPPC and temperature
rise test are performed at a set temperature, respectively. The
test flowchart of HPPC is shown in Fig. 4(b), the detailed test
procedure of two SOC stages (90%SOC and 80% SOC) is shown
in Fig. 4(c), Ro is the ohmic resistance and Rp is the polarization
resistance, and the total internal resistance is the sum of Ro and
Rp. The NCM811 uses parallel channels due to its large capacity,
and the HPPC voltage drop is detailed in Fig. 4(e). The detail of
the temperature rise test at 25 °C is demonstrated in Fig. 4(d),
and the test results at different C-rates are shown in Fig. 4(f).

Fig. 4. Battery test flowchart and procedure. (a) Experimental setup. (b) Test
flowchart of HPPC. (c) Detailed HPPC test procedure. (d) Test flowchart of
temperature rise. (e) HPPC voltage drop of NCM811. (f) Temperature profile of
NCM622 during 1 C discharge at 25 °C.

III. RESISTANCE TRANSFER ALGORITHM AND ITS

APPLICATION TO ONLINE HEAT GENERATION MODEL

The research aims to realize the online application and self-
adaption of the thermal model, and the online self-adaptation
of model parameters is one of the key problems to be solved.
Therefore, the RTA is proposed. The framework consists of the
following three components:
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Fig. 5. Resistance and LTM at different SOC and temperatures. (a) Tested
resistances of the target battery. (b) LRM of the battery at different SOCs.

1) high-precision resistance modeling and linear generaliza-
tion for the original battery;

2) online acquisition of the target battery’s resistances at
specific states; and

3) resistance calibration based on the source battery’s resis-
tance model and the target battery’s partial resistance data.

A. Original Battery Resistances and Its Generalization

The internal resistance of the target battery is migrated from
the internal resistance of the original battery. Thus, the internal
resistance of the original battery needs to be tested in detail.
In this study, the NCM622 (50 Ah) battery is leveraged as the
original battery, and its tested resistances as shown in Fig. 5(a).

According to the generalization methods in Section II, the
LRM of the battery at different SOC are fitted, the LRM results
are shown in Fig. 5(b). Then, the resistance general expression
of the original battery can be obtained by fitting the slope a and
intercept b at different SOCs

{
a (SOC) =

∑6
i=0 ci · SOCi

b (SOC) =
∑6

i=0 di · SOCi . (9)

R
′
ori can be expressed as

R
′
ori (SOC, T ) =

6∑
i=0

ci · SOCi · T ′ +
6∑

i=0

di · SOCi. (10)

The coefficient matrices ci and di are as follows:

ci = [239.7,−624.2648.3,−343.7, 99.15,

− 14.81, 2.96]T (11)

Fig. 6. Online resistance acquisition method.

di =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

−8.676× 104

2.338× 105

−2.517× 105

1.375× 105

−3.996× 104

5.183× 103

−1.316× 103

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (12)

The model serves as an offline database to provide a raw database
for calibrating the internal resistance model of the target battery.

B. Online Measurement of the Target Battery Resistance

For the online adaptive thermal model, the resistance test at
the laboratory cannot meet the requirements of online modeling,
including changes in temperature and operating conditions and
test time requirements. Therefore, an alternative method for
online resistance calculation is needed. In this study, inspired
by the ac pulse heating theory, a method of leveraging a cloud
data platform is used for resistance calculation. As shown in
Fig. 6, to quickly obtain the online resistances at different
temperatures and SOCs, it is possible to apply a current impulse
at the start moment of EVs. The data can be collected, screened,
and processed by the cloud data platform, and the resistance can
be calculated. After obtaining the resistance data at the desired
SOC conditions, such as [90%, 80%, 40%, 10%], the online
resistance at certain temperatures and SOCs of the target battery
can serve as the online database, the resistance of the original
battery serves as the offline database. Then, the resistance of the
target battery can be calculated using the RTA method. Based on
the resistance calculated by the RTA, the resistance parameter
of the heat generation model can be updated.

C. Calibration Based on Online Resistance Data

For the target battery, the SOC points at 90% state and 10%
state are necessary, and the rest of the SOC points are alterna-
tives. The selected SOC points can be 1, 2, or 3, corresponding,
respectively, to the options listed in Table II as 3-SOC scheme,
4-SOC scheme, and 5-SOC scheme.

Taking the 4-SOC scheme as an example, excepting 90%
SOC and 10% SOC, two of the remaining seven SOC points
are needed. As shown in Table II, the number of schemes that
can be chosen is 21. Assuming that one of the 4-SOC schemes,



7458 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 40, NO. 5, MAY 2025

TABLE II
TEST SOC POINTS OF DIFFERENT SCHEMES

Fig. 7. Ka and Kb of the NCM622(51 Ah) battery.

SOC= [90%, 80%, 40%, 10%] is selected. First, the linear fitting
of the resistances at the four SOCs is obtained by (6), and Ka

and Kb in the following equation are calculated:{
Ka = atar

aori

Kb =
btar
bori

(13)

where atar and btar are the slope and intercept of the target
battery in (6), and aori and bori can be calculated by (9). Second,
Ka(SOC) and Kb(SOC) of the target battery are fitted by using
the least-squares fitting method. Fig. 7 shows the fitted results.
Third, Ka and Kb of the target battery at unmeasured SOCs
(SOC= [70%, 60%, 50%, 30%, 20%]) can be conducted by sub-
stituting the SOCs into Ka(SOC) and Kb(SOC). Finally, based
on (13), the slopes and intercepts of (6) at unmeasured SOCs
can be calculated, and the LRM at all SOC and the resistance
general expression of the target battery can be obtained.

D. Validation of RTA

To validate the feasibility of the RTA and contrast the proposed
three different schemes, we compared the true values with the
internal resistance obtained by RTA. All the 63 schemes in
Table II are tried and filtered to give the optimal scheme. The
average relative error (REave) and the variance (Var) are used
to evaluate the precision and dispersion of the RTA for different
batteries.

REave =
1

N1

N1∑
i=1

(
RT,p,i −RT,e,i

RT,e,i

)
× 100% (14)

Var =
1

N2

N2∑
i=1

(
REave,i − REave

)2
(15)

where N1 is the number of the predicted resistances, RT,p,i is
the predicted resistance points, and RT,e,i is the experiment
resistance points. N2 is the number of the batteries, REave,i

is the REave of the battery, and REave represents the average
REave of all batteries. Var can evaluate the dispersion n of errors
in different schemes and filter out the optimal one.

All errors of the 3-SOC scheme are given in Table III, and due
to space constraints, only the optimal solutions for the 4-SOC
scheme and the 5-SOC scheme are given in Table IV. Mean-
while, the results of the real resistance values contrast with RTA
values are shown in Fig. 8. According to Table III, the scheme
of test point at SOC = [90%, 40%, 10%] is the best scheme
of all 3-SOC schemes, which has minimal REave (4.80%) and
Var (0.01%). In the scheme, the maximum REave is 5.76%
of the LFP (8 Ah) battery, whereas the real resistance value
difference is only 0.0341 mΩ (5.92 mΩ×5.76%). Meanwhile,
for LFP (8 Ah), a comparison of other schemes points out that
the scheme SOC = [90%, 50%, 10%] has the smallest REave

(4.67%). This indicates that the scheme of SOC = [90%, 40%,
10%] is general for all batteries, whereas there may be better
options for individual batteries.

The schemes of test point at SOC = [90%, 60%, 30%, 10%]
and SOC = [90%, 70%, 60%, 30%, 10%] are the optimal solu-
tion of the 4-SOC scheme and 5-SOC scheme, respectively. A
comparison of the three optimal solutions shows that an increase
in the number of measurement points significantly improves
the accuracy of the RTA, REave is 4.80%, 4.02%, and 2.81%,
respectively. The 3-SOC scheme already has good accuracy. The
5-SOC scheme provides higher accuracy but also requires more
data. The 4-SOC scheme strikes a balance between accuracy and
demand for data.

E. Online Heat Generation Model Based on RTA

The heat generation equation was first proposed by Mevewalla
et al. [29] based on the law of conservation of energy as follows:

Q =

(
IV −

∑
l

IlUl,avg

)
+
∑
l

IlTd
Ul,avg

∂T
+MCp

dT

dt

(16)
where Q represents the battery heat generation rate, I represents
the current, V represents the battery terminal voltage, Il repre-
sents the partial current of electrode reaction l, Ul,avg represents
the theoretical open-circuit potential for reaction l, T represents
the battery temperature, M represents the battery mass, and Cp

represents the specific heat capacity. However, owing to the
complexity and the uncertainty of its complex parameters, Yang
et al. [30] simplified (16) as follows:

Q = I (V − UOCV) + IT
dUOCV

dT
(17)

where UOCV represents the battery open circuit voltage (OCV),
and dUOCV/dT represents the entropy heat coefficient. In (17),
the first part of the right is irreversible heat and the second is
reversible heat. Moreover, (17) can be conducted to the following
equation according to the Ohm’s law [31]:

Q = I2 RT + IT
dUOCV

dT
(18)

where RT represents the total resistance of the battery; it is
different at different SOCs and temperatures. The resistance
general expression can obtain the resistance at any SOC and
temperature points, and the RTA realizes self-adaptive updating
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TABLE III
ERRORS AND VARIANCE OF THE 3-SOC SCHEMES

Fig. 8. Resistances value contrast with RTA values and real values. (a) NCM622. (b) NCM523. (c) NCM111. (d) LPF(8Ah). (e) LPF (25Ah). (f)NCM811.

TABLE IV
ERRORS AND VARIANCE OF THE OPTIMAL 4-SOC SCHEME AND

5-SOC SCHEME

of the resistance model, which guarantees online adaptation of
the heat production model.

IV. 3-D THERMAL MODEL BASED ON THERMAL

RESISTANCE NETWORK

A. 3-D Thermal Conduction Model

To construct an online application of the thermal model, a
low-computation online heat conduction model is another key
issue that needs to be addressed. To realize a reconstruction
of the battery 3-D temperature field, the TRN is leveraged to
simplify the heat conduction calculation in the battery. As shown

Fig. 9. Structure of the battery thermal resistance network. (1) Microstructure
in the battery. (2) Superficial layer and the interior layer of the microstructure.
(3) Thermal nodes of the microstructure. (4) Heat conduction of point A.

in Fig. 9(1), the battery is cut into microstructures. One of the
microstructures along the thickness direction (x-axis) is shown
in Fig. 9(2). The microstructure includes the superficial layer
and the interior layer; the red nodes represent the thermal nodes;
similarly, the thermal nodes include superficial nodes [such as
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T1, T2, T3, and T4 in Fig. 9(3)] and the interior nodes (such
as T5, T6, T7, and T8). The heat transfer relationship between
thermal nodes can be found from the labeling in Fig. 9(2), in-
cluding internal heat transfer, external heat transfer, and internal
to external heat transfer. It is worth noting that the external
thermal node is also responsible for the heat transfer from
the surface to the environment. Meanwhile, the proposed TRN
structure is not immutable. For the battery with different sizes,
the network may correspond to different numbers of layers and
structures. In this article, the tab temperature is not taken into
consideration, when a tab temperature is required, it is sufficient
to classify the microstructure and set its heat production and
transfer parameters.

The heat conduction in the thermal network is presented in
detail utilizing point A in Fig. 9(4). Heat transfer in heat networks
is based on the first law of thermodynamics. Therefore, the
temperature-changing rate of point A can be constituted as

MACp
dTA

dt
= QA + (Qexc,x1 +Qexc,y1 +Qexc,z1)

− (Qexc,x2 +Qexc,y2 +Qexc,z2) (19)

where MA is the mass of zone A, Cp is the specific heat capacity
of the battery, TA is the average temperature of zone A, t is time,
QA is the heat generation of zone A, Qexc is the heat exchange
between the adjacent regions of zone A, and the subscripts
represent the adjacent regions, such as Ax1, Ax2, Ay1, Ay2, Az1,
and Az2.

Qexc in (19) is the heat exchange between the adjacent regions,
and it also is the heat conduction process. Thus, according to
the law of thermal conduction, Qexc can be expressed by the
temperature difference and the thermal resistance Rt as

Qexc =
ΔT

Rt
(20)

where ΔT is the temperature difference between zone A and the
adjacent regions, and Rt is the thermal resistance between zone
A and the adjacent regions. Therefore, (19) can be rewritten as

ρVACp
dTA

dt
= QA

+

(
TAx1 − TA

Rt, x1
+

TAy1 − TA

Rt,y1
+

TAz1 − TA

Rt,z1

)

−
(
TAx2 − TA

Rt,x2
+

TAy2 − TA

Rt,y2
+

TAz2 − TA

Rt,z2

)
(21)

where ρ is the density of the battery, and VA is the volume. The
thermal resistance Rt can be calculated by the following:

Rt =
d

s · k (22)

where d is the effective distance between the microstructure
A and other microstructures, s is the surface area, and k is the
coefficient of thermal conductivity. Due to the anisotropic nature
of the battery, the values of k along the three axes are different.
Moreover, the thermal resistance of the surface thermal nodes

Fig. 10. Entropy heat coefficient of the battery.

to the environment is expressed as

Rt =
1

s · h (23)

where h is the heat exchange coefficient between the battery and
the environment.

Substitute heat generation (18) into (21), the temperature of
point A in the thermal conduction network can be calculated as

TA,t+1

= TA

[
1−C ·

(
1

Rt,x1
+

1

Rt,x2
+

1

Rt,y1
+

1

Rt,y2

1

Rt,z1
+

1

Rt,z2

)]

+ C

[
TAx1,t

Rt,x1
+
TAx2,t

Rt,x2
+
TAy1,t

Rt,y1
+
TAy2,t

Rt,y2
+
TAz1,t

Rt,z1
+
TAz2,t

Rt,z2

]

+ C

[
I2RT + IT

dUOCV

dT

]
(24)

where C can be expressed as

C =
Δt

ρ · VA · CP
. (25)

B. Parameters for Thermal Model

In Section III-D, the heat generation model has two critical
parameters, the resistance and the entropy heat coefficient. The
resistance is updated by the RTA, and the entropy heat coeffi-
cients are acquired by experimental testing. Meanwhile, for the
heat conduction model, the heat exchange coefficient determines
the heat exchange between the battery and the external ambient,
it is also acquired by experimental testing. These parameters are
key to the accuracy of the thermal model.

The entropy heat coefficient dUOCV/dT is calculated by the
OCV at different temperatures, and it is measured before the
HPPC test. To access the entropy heat coefficient at different
SOCs and temperatures, a polynomial is leveraged to fit the
relationship between the entropy heat coefficient and the SOC,
as shown in Fig. 10. The fitting equation is as follows:

dUOCV,x

dT
=

6∑
i=0

ci,x SOCi (26)

where x represents the different batteries and ci,x represents the
coefficients of the fitting. The concrete values of ci,x are shown
in Table V. R2 of all batteries is at least 0.9605, which indicates
that the fitting of the coefficients is accurate enough.
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TABLE V
COEFFICIENTS OF THE FITTING

Fig. 11. Battery temperature fall for measurement of heat convection coeffi-
cient. (a) Temperature drop curve. (b) ln(T-Ta) curve with time.

According to [32], the heat convection coefficient can be
calculated from the temperature drop curve of the battery during
cooling. Taking NCM811 as an example, 1 C discharge is carried
out at an ambient temperature of 25 °C, and the battery is resting
at the end of discharge until the temperature of the battery drops
close to the temperature of the thermostat temperature. The
temperature drop curve of the battery during resting is shown
in Fig. 11(a). During this process, no heat is generated by the
battery, the temperature can be calculated by

MtCp
dT

dt
= −hat (T − Ta) (27)

where at is the surface area of the battery, and Ta is the ambi-
ent temperature. Assuming that h is a constant, the following
equation is obtained by converting (27):

ln (T − Ta) = − hA

MtCp
t+ c (28)

where c is a constant, which is the initial value of ln(T − Ta).
Equation (28) shows a linear relationship between ln(T − Ta)
and time t. The heat convection coefficient h can be calculated
from the slope of the curve made by ln(T − Ta) with time t, as
shown in Fig. 10(b), which is well linear. Therefore, the result of
the calculation of h for NCM811 is 16.14 W/(m2·K). According
to this method, the heat convection coefficients for NCM622
(51Ah), NCM111, NCM523, and LFP (25Ah) are calculated
to be 19.73 W/(m2·K), 10.7 W/(m2·K), 15.57 W/(m2·K), and
17.83 W/(m2·K), respectively.

V. APPLICATION OF ONLINE 3-D THERMAL MODEL

A. 3-D Temperature Distribution

In Fig. 12, the 3-D temperature distribution of the NCM622
battery based on the TRN is demonstrated. Fig. 12(a) shows the
objective battery, and Fig. 12(b)–(d) shows the 3-D temperature
distribution of the battery at different stages. In the temperature

Fig. 12. Temperature field of the NCM622 at different moments. (a) Objective
battery. (b) Temperature field at the initial stage. (c) Temperature field at the
medium stage. (d) Temperature field at the terminal stage.

distributions, the length, width, and height of the battery are
normalized by half the height of the battery, and the center of the
battery is used as the origin. The results in Fig. 12 demonstrate
the ability of the TRN to reconstruct the 3-D temperature field
of the battery.

Subsequently, the validation of the accuracy of temperature
prediction is carried out, and the temperature collected by the
thermocouple at point 2 in Fig. 12(a) is used as the measurement
temperature value.

B. Temperature Validation for Different Schemes

The basic purpose of the thermal model is to achieve accurate
temperature prediction of the battery. To validate the temper-
ature prediction precision of the proposed thermal model, the
temperature of the battery is tested at 0.5 C and 1 C discharge
rate and the environment temperature is set to 25 °C. The
predicted temperature results are calculated by the proposed
thermal model based on different resistances from three RTA
schemes, including the 3-SOC scheme, the 4-SOC scheme, and
the 5-SOC scheme. A computer with CPU Intel i9-13900K and
RAM 64 G is employed to solve the thermal conduction network
model and get the temperature distribution. All the calculation
durations are no more than 0.418 s, which is significantly more
efficient than the FEM. The compared results of the simulated
and the predicted temperature rise are shown in Fig. 13.
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Fig. 13. Temperature prediction results of different batteries at 25 °C. (a) NCM622. (b) NCM 523. (c) NCM111. (d) LFP. (e) NCM811.

TABLE VI
MAET OF DIFFERENT BATTERIES AT 25 °C

To assess the accuracy of the thermal model, the mean abso-
lute error (MAE) is utilized to calculate the error between the
tested value and the simulated value as

MAET =
1

N

N∑
i=1

(|Tm,i − Tp,i|) (29)

where MAET is the MAE between the tested temperature and
the simulated temperature, N is the number of the sample points,
Tm,i is the measured temperature value at the ith point, and Tp,i

is the predicted temperature value at the ith point. The statistics
of MAE are presented in Table VI.

In Fig. 13, the simulated temperature rise of the five batter-
ies at the three schemes has a similar trend to the measured
value, which has a high simulation accuracy. As can be seen in
Table VI, all the MAE errors of the five batteries are no more
than 0.4761 °C of the NCM811. A comparison of the mean value
for the different battery MAE indicates that the 5-SOC scheme

has the best accuracy with the mean value of 0.1977 °C (0.5 C)
and 0.1828 °C (1 C), the 4-SOC scheme is in the middle with the
mean value of 0.2178 °C (0.5 C) and 0.1948 °C (1 C), and the
mean value of the 3-SOC is 0.2283 °C (0.5 C) and 0.2467 °C
(1 C). This is consistent with the conclusion that the 5-SOC
has the best accuracy in resistance prediction. Nevertheless, for
the temperature rise prediction, the 3-SOC scheme also has good
accuracy with the MAE of 1.141 °C (NCM811, 0.5 C), the MAE
of the 4-SOC scheme is 1.1027 °C, and the MAE of the 5-SOC
scheme is 1.0498 °C. It is indicated that the proposed thermal
model has a good effect on temperature rise prediction.

Comprehensively, the 4-SOC scheme demonstrates higher
accuracy than the 3-SOC scheme in terms of the resistance and
temperature rise evolution while requiring fewer measurement
points than the 5-SOC scheme. Due to space constraints, the next
temperature rise validation at 15 °C and 35 °C is commenced
based on the 4-SOC scheme.

C. Temperature Validation for Different Ambient Temperatures

The temperature rises predicted results at 15 °C and 35 °C
are shown in Fig. 14, the predicted results are generally in
agreement with the experimental data. Note that the battery
in Fig. 14(f) is cylindrical in SOH = 85%, the battery type is
NCR21700A, which is manufactured by Panasonic in Japan. Its
TRN is in a cylindrical coordinate system. The maximum error
is 1.515 °C of the LPF battery at the temperature of 15 °C and 1
C discharge rate, whereas its MAE is 0.3765 °C. As can be seen
in Fig. 14(d), except for the end-of-discharge phase, which has a
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Fig. 14. Temperature prediction results of different batteries at 15 °C and 35 °C. (a) NCM622. (b) NCM 523. (c) NCM111. (d) LFP. (e) NCM811. (f) 21700
(cylindrical, SOH = 85%).

TABLE VII
MAET OF DIFFERENT BATTERIES AT 15 °C AND 35 °C

large error, the other parts of the prediction results are consistent
with the tested temperature with a limited difference. MAET of
0.3765 °C illustrates this point. From the statistics of MAET

in Table VII, the maximum MAET does not exceed 0.7494 °C
(21700 at 1 C, 35 °C), whereas the maximum error is not higher
than 1.2105 °C, which reiterates the accuracy of the proposed
thermal model. Meanwhile, the good prediction results of the
temperature rise of the six cells also prove the universality of
the proposed scheme.

From the perspective of all the temperature rise prediction
results, the proposed RTA can be competent for the task of
thermal modeling. It indicates that, with the aid of the original
battery’s resistance and partially available data of the target
battery, achieving self-adaptive updating of thermal models is
feasible.

D. Validation of Different Methods

To validate the accuracy and computational efficiency, the
proposed method is compared with the LTM and FEM thermal

Fig. 15. Driving condition and different calculation methods for comparison
among temperature solution methods. (a) FUDS condition. (b) LTM and com-
putational grid of FEM for the NCM622.

models under the Federal Urban Driving Schedule (FUDS)
conditions, as shown in Fig. 15(a). The LTM is shown in
Fig. 15(b) and the details are presented in [33]. For the FEM,
the battery grid volume is 44 252, as shown in Fig. 15(b), the
solver used is ANSYS Fluent 18.0 with eight cores of parallel
computing. A user-defined function is implemented to dynami-
cally transfer the unit volume heat generation rate of the battery
to the solver in real time. The Gauss–Seidel iterative method is
employed to solve the discretized governing equations.

The FUDS condition is cycled ten times, and the temperature
simulation time for each method is recorded. The temperature,
time, and root mean square error (RMSE) are shown in Fig. 16.
Note that LTM only calculates 1-D temperatures at point 2 due
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Fig. 16. Temperature, time, and RMSE of FUDS. (a) Temperature results. (b)
Time of LTM, TRN and FEM. (c) RMSE of FEM, TRN and LTM.

to its simplified nature, whereas TRN and FEM calculate 3-D
temperature fields.

A comparison of computation times shows that both LRM
(0.268 s) and TRN (0.496 s) have faster computation speeds
compared to FEM (2662.33 s). Because LTM and TRN avoid
the complex partial differential operations in FEM. From the
accuracy of the temperature calculations, the RMSE of the FEM,
TRN, and LTM are 0.1364 °C,0.2092 °C, and 0.2664 °C. FEM
is computationally intensive but has a clear accuracy advantage,
whereas LTM sacrifices accuracy while reducing computational
effort. TRN improves prediction accuracy while achieving 3-D
temperature field monitoring in close proximity to FEM, and has
the advantage of being able to be applied online. This reflects
the dominance of the proposed TRN methodology.

VI. CONCLUSION AND FUTURE WORKS

In this study, a self-adaptive 3-D online thermal model is
devised. With the assistance of partial online resistance and
the resistance of the original battery, the proposed RTA can
achieve the resistance model self-adaptive updating for the heat
generation model. Then, a TRN is established to reconstruct the
3-D temperature field. It can be solved quickly and is suitable for
the online temperature rise calculation. Combining the TRN and
the online updated heat generation model, a self-adaptive 3-D
thermal model is proposed. Finally, the proposed method is val-
idated on six batteries and at three temperatures. The difference
between the tested resistance and the resistances conducted by
the RTA is within 0.0341 mΩ. The temperature rise validation
shows that the proposed 3-D thermal model can complete the
calculation accurately and quickly. The computation time is no
more than 0.496 s, and the maximum temperature differences

have an error of no more than 1.515 °C. The results illustrate that
the proposed self-adaptive 3-D online thermal model is accurate
and viable.

This article focuses on a self-adaptive thermal model at the
cell level. In the future, a self-adaptive thermal model for a pack
is our research priority. The self-adaptive method and the TRN
will be developed for battery packs and deal with the thermal
model topology and heat transfer relationship of battery packs.
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