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Abstract

The State of Charge (SOC) and thermal conditions of lithium batteries are
essential factors in the Battery Management System (BMS). Precise assess-
ment of the SOC and core temperature of lithium batteries is crucial for
the development of the BMS. This study utilizes the Square Root Cubature
Kalman Filter (SRCKF) method along with the electro-thermal coupled
model of lithium batteries to achieve accurate estimations of the battery’s
SOC and core temperature. Initially, this research determines the parameters
of the electro-thermal coupled model using the Forgetting Factor Recursive
Least Squares method and the Hybrid Pulse Power Characterization tests,
establishing the lithium battery’s electro-thermal coupled model. In order to
validate the accuracy of SRCKF estimates, simulations were carried out under
conditions defined by the Urban Dynamometer Driving Schedule, comparing
the accuracy of its estimations with those of the Extended Kalman Filter
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and the Unscented Kalman Filter under identical conditions. The simulation
outcomes demonstrate that the SRCKF can precisely estimate the battery’s
SOC and core temperature, thus effectively meeting the requirements of the
BMS in practical application scenarios. This study utilizes the open-source
experimental dataset of the LG18650HG?2 lithium battery.

Keywords: LG18650HG? lithium battery, state of charge and core temper-
ature estimation, square root cubature kalman filter, electro-thermal coupling
model.

1 Introduction

Lithium batteries are extensively utilized in domains like electric vehicles and
energy storage units [1-4]. Within these sectors, the State of Charge (SOC)
and the thermal conditions of these batteries emerge as essential param-
eters for tracking their operational status within the Battery Management
System (BMS). The SOC serves as an essential measure of the charging
and discharging condition of a battery. This parameter is fundamental to
BMS, facilitating precise control over a battery’s charging and discharging
activities. Concurrently, the temperature denotes the thermal state of the
battery and is similarly critical to the BMS, as it guides thermal management
procedures.

In battery operation, differences arise between the core and surface tem-
peratures due to the more effective cooling of the surface during charge and
discharge cycles. When using temperature sensors, it is common for surface
readings to be lower compared to those at the core. Depending solely on
surface temperature to evaluate a battery’s thermal condition may lead to
a dangerous scenario, even if the surface temperature appears to be within
safe operational limits. However, the core temperature surpasses the bat-
tery’s maximum operational temperature. Battery surface temperatures can
be tracked using temperature sensors integrated within the BMS, while the
core temperature requires a thermocouple sensor implanted into the battery’s
core structure for accurate measurement. In real-world scenarios like electric
vehicles and energy storage systems, to ensure battery safety, built-in sensors
are not used to measure core temperature. In practical scenarios, it is not
feasible to acquire SOC information of a battery directly via sensors. Because
it is impossible to obtain SOC values from a battery by directly measuring
them through sensors, it must be calculated by the BMS based on collected
voltage and current data. Therefore, building corresponding models that use
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charging/discharging data and surface temperature readings from the BMS to
estimate SOC and core temperature is crucial for accurately managing battery
operation.

In existing research, battery electro-thermal coupling models mainly into
two categories: those based on electrochemical-thermal dynamics and those
using equivalent circuit-thermal approaches [5-9]. The electrochemical-
thermal coupling model mainly integrates the battery’s electrochemical
mechanism with thermal modeling. Although the electrochemical-thermal
model provides an in-depth portrayal of the battery’s electrochemical char-
acteristics, the model’s complexity and computational demands generally
prevent its direct use in BMS. Conversely, the equivalent circuit-thermal
coupling model, establishes a coupling relationship between the battery’s
equivalent circuit model and the lumped parameter thermal model through
the heat produced and the battery’s temperature. This category of model
is a lumped parameter model with fewer parameters, facilitates derivation
of state-space equations, demands lower computational effort, and can also
effectively represent the battery’s physical properties, making it more appli-
cable for practical scenarios in BMS for electric vehicles and energy storage
systems. The electro-thermal coupling model used in this thesis combines a
Second-order Resistor-Capacitor Equivalent Circuit Model (2RC-ECM) with
a lumped parameter Dual-State Thermal Model (2STM).

While the electro-thermal coupling model can compute the core temper-
ature of a battery directly, relying solely on the state-space equations of the
electro-thermal coupling model for estimating the core temperature still lacks
sufficient accuracy. Since the electro-thermal coupling model cannot directly
estimate the battery’s SOC, it is necessary to combine it with corresponding
algorithms for indirect calculation of the SOC. The simplest approach to
estimate the SOC is through ampere-hour integration, but as an open-loop
control method, ampere-hour integration tends to have significant calculation
deviations and cannot promptly correct forecast errors. Therefore, in current
research, more precise filtering algorithms and intelligent algorithms are used
to estimate battery SOC and core temperature [10]. Among the widely studied
intelligent algorithms, including Deep Learning Feed-Forward Neural Net-
work (DLFFNN), Convolution Neural Network (CNN) and Long Short-Term
Memory neural network (LSTM) [11, 12], a large amount of operational
data is required as the training set, and the demands on hardware are high,
rendering them unsuitable for the current practical needs of BMS. A notable
filtering algorithm for estimating SOC and core temperature is the Kalman
filter [13, 14], which is based on the minimum mean square error criterion
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and is a linear discrete system filtering algorithm that uses estimates from the
previous moment and observations from the current moment to calculate the
optimal state estimates for the current moment. Researchers have developed
advanced versions of the Kalman filter, such as the Extended Kalman Filter
(EKF), Unscented Kalman Filter (UKF) and Cubature Kalman Filter (CKF),
to enable its application in nonlinear systems [15—18]. Kalman filters do not
require accumulating large data sets as neural networks do, making them
more suitable for the current practical needs of BMS. This study performs a
simulation analysis using the Square Root Cubature Kalman Filter (SRCKF)
algorithm integrated with an electro-thermal coupling model. It evaluates the
estimation accuracy against that of the EKF and UKF under identical working
conditions.

The layout of this paper is as follows: Section 2 introduces the electro-
thermal coupling model; Section 3 explains the parameter identification for
the electro-thermal coupling model; Section 4 presents the estimation princi-
ples of the battery’s SOC and core temperature using the SRCKF, along with
an analysis of the simulation experiment results; Section 5 conclusions.

2 Electro-Thermal Coupling Model

This study utilizes an electro-thermal model that integrates a 2RC-ECM
with a lumped parameter 2STM. Specifically, the 2RC-ECM is used to
calculate the battery’s SOC, while the 2STM is utilized to calculate the core
temperature of the battery.

2.1 Equivalent Circuit Model

The model representing the battery’s electrochemical behavior employs cir-
cuit components to illustrate the phenomena, forming an nth-order equivalent
circuit model by connecting n parallel Resistor-Capacitor (RC) loops in
series. This model replicates the polarization effects and external physical
properties of batteries during charging and discharging processes. With an
increase in series RC loops, the model requires more parameters to be
identified, thereby enhancing its complexity. Higher-order models of three
or more orders may experience overfitting during the parameter identification
process, resulting in a relatively limited improvement in simulation accuracy.
Based on the above discussion, this paper uses the 2RC-ECM, considering
the influence of temperature by using resistance and capacitance parameters
under multiple temperature conditions. The 2RC-ECM is shown in Figure 1.
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Figure 1 Schematic diagram of 2RC-ECM.

Using Kirchhoff’s principles of current and voltage, the voltage of 2RC-
ECM can be expressed mathematically.

a__ no 1
dt R101 Cl

T (1)
dt RoCy Oy

Ui =Uyp — U — Uz — IRy

\Uoc = focv(SOC)

Herein, U,. denotes the battery’s Open Circuit Voltage (OCV), U, sig-
nifies the terminal voltage, Ry represents the ohmic internal resistance, R;
represents the resistance associated with electrochemical polarization, C
stands for the capacitance of electrochemical polarization, Ry represents
the concentration polarization resistance, C5 stands for the concentration
polarization capacitance. The I refers to the current of battery’s charging
and discharging process, is described with a positive value for discharging
and a negative value for charging in the equivalent circuit model. U; and Us
correspond to the electrochemical and concentration polarization voltages,
respectively.

2.2 Dual-State Thermal Model

To develop a lumped parameter dual-state thermal model for lithium batteries,
the following assumptions are considered: (1) Heat is uniformly generated
from the battery’s core; (2) The temperature remains consistent across the
axial direction of the battery; (3) The heat only disperses outward along the
radial axis. Based on these assumptions, this study employs the 2STM to
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Figure 2 Schematic diagram of 2STM.

characterize the thermal properties of cylindrical lithium batteries, as depicted
in Figure 2.

In the 2STM, the heat generated during battery operation, denoted as
Qre, and Q. is calculated using Bernardi’s heat generation formula, with
a specific mathematical expression.

dUoc
Qre = (Upe —Up) I +1IT T
1 \—v—/
2 @)
T Ts+Tc
2

In Equation (2), the term (U,. — U;)I, denotes the battery’s irreversible
heat, which mainly includes the Joule heat generated by ohmic resistance
and the heat from polarization reactions during charging and discharging.
The second part, IT(dU,./dT), denotes the battery’s reversible heat, mainly
the entropic heat change occurring within the battery electrodes. T represents
the battery’s average temperature, and dU,./dT denotes the entropic heat
coefficient of the battery.

The mathematical formulation of the 2STM.

d(T, —Ty) Ts — 1T,

i 9t TR

o d(Ts —Ty) _ Ty T, T,-T.
S dt Ry R
Wherein, T, denotes the battery’s core temperature, T signifies the sur-
face temperature, 7'y represents the environmental temperature. C.. represents
the combined thermal capacity of the core, Cy refers to the lumped heat

Ce

3)
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Figure 3 Electro-thermal coupling model.

capacity of the surface, R, is the equivalent thermal resistance for conduction
in the core, R describes the thermal resistance for surface convection.

2.3 Electro-Thermal Coupling Model

By integrating the 2RC-ECM and 2STM, an electro-thermal coupling model
that facilitates parameter exchange can be developed. Figure 3 demonstrates
the core operational concept of the presented model.

The open circuit voltage U,. of the battery is determined using the
measured battery current I, and terminal voltage U;, and the parameters
obtained from online identification from the 2RC-ECM. The calculated U,
is then used in the Bernardi heat generation formula to compute the battery’s
heat generation ).

By inputting the battery heat generation (). and environmental tem-
perature Ty into the 2STM, the battery surface temperature T and core
temperature 7, at the next moment can be obtained. The battery’s working
temperature is determined by calculating its average temperature 7.

Update the parameters of the 2RC-ECM based on the working tempera-
ture T of the battery.

3 Electro-thermal Coupled Model Parameter Identification

The electro-thermal coupled model integrates the 2RC-ECM and the 2STM
through parameter exchange. To simplify the process of model parameter
identification, the environmental temperature recorded during the experiment
can be directly used as the battery’s working temperature. This means the
2STM would no longer need to pass the battery working temperature to adjust
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Figure 4 Open circuit voltage curve.

temperature-related parameters within the 2RC-ECM, thereby achieving the
goal of decoupling the electro-thermal coupled model. After decoupling,
parameter identification can be performed individually on the 2RC-ECM and
2STM. If the model was not decoupled and all parameters were attempted
to be identified simultaneously, it would not only result in a significant com-
putational load but might also result in parameters becoming unidentifiable,
reducing the accuracy of parameter identification.

The experimental data used in this paper comes from the open-source
experimental dataset of the LG18650HG2 type lithium-ion battery provided
by the University of McMaster, Canada [19]. The LG18650HG?2 battery has
a standard rated capacity of 3.0Ah, a rated voltage of 3.6V, a maximum
charge voltage of 4.2V, a discharge cutoff voltage of 2V, and a maximum
discharge current of 20A, the standard charging current is 1.5A, while the
fast charging current is 4.0A. The LG18650HG2 battery weighs 45g, with
a charging temperature range of 0°C to 50°C and a discharge temperature
range of —20°C to 75°C.

The parameters to be identified in the 2RC-ECM are Ry, R;, R2, and
C1, Cs. For the 2STM, the parameters include R., Rs, C., and Cs. The
identification of model parameters utilizes the Hybrid Pulse Power Char-
acterization (HPPC) tests from the open-source experimental dataset of the
LG18650HG2.

By using the test data from the LG18650HG2 open dataset, the open-
circuit voltage curve and temperature entropy coefficient curve for the
LG18650HG?2 can be obtained. Figure 4 shows the curve of the open circuit
voltage, and Figure 5 displays the entropy heat coefficient curve.
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Figure S Entropy heat coefficient curve.

3.1 2RC-ECM Parameter ldentification

Throughout the cycles of charging and discharging in a lithium battery, each
model parameter undergoes continuous changes. To identify the parameters
of the 2RC-ECM in real time and reduce the computational time for param-
eter recognition, the Forgetting Factor Recursive Least Squares (FFRLS)
method is utilized for parameter identification [20]. The basic computational
principle is shown in the following mathematical expression:

O = 01 + Kilyr — @f Or—1]

Ky = P10k
A+ i Pro1ow )
1

Py = “(Po_1 — Kppp Pr_1)

A

Wherein, K}, is the gain term, ) is the forgetting factor, typically ranging
0.95 < A < 1. P, denotes the correction matrix for the predicted value at the
current moment.

To achieve parameter identification of the battery model, Equation (4) of
the 2RC-ECM needs to be discretized and converted it into a corresponding
difference equation by applying the least squares methodology, as illustrated
in Equation (5).

y= Uoe — Uy
y(k) = —61y(k — 1) — Ooy(k — 2) + O3I(k) + 041 (k — 1) + 051 (k — 2)
p(k) = [—y(k = 1) —y(k—2) I(k) I(k—1) I(k—2)]"
0(k) = [01 62 03 04 05]T
(5
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By replacing Equation (5) into Equation (4) of the FFRLS, the numerical
value of §(k) = [0 02 03 04 05T for the least squares form of the 2RC-
ECM can be computed directly. The parameters of the 2RC-ECM, Ry, Ry,
Ry, C1, (5, can be obtained through Equations (6) and (7). AT represents

the sampling time of the dataset is 0.1s.

(6)

AT (03 — 05)

=d
1+ 61+ 02

b—Vb% —4a

2
=c¢— R1 — Ry (7N

b— Vb2 —4a
2Rs

03 — 04 + 05
Ry— 374775
07 10, + 0,
71 = Ri1C1, 7= RaCy
TT_AT2(1—91+92)_a
2= 4(1+91—|—02) o
AT(1—69)
trp=— =
=0 16,
93+04+95
Roy+Ri+Ry=>—"—"" =
0 1 2 150, 1 0,
Rom1 + Romo + Ry + Rom =
b+ Vb? —4a
T = ) T2 =
2
Ry~ ne-mlo—d
T — T2
b+ Vb2 —4
01:u, Cy =
\ 2R,

The parameters of the 2RC-ECM identified by the FFRLS are shown in

Figures 6, 7, 8, 9, and 10.

3.2 Parameter Identification of 2STM

The parameter identification of the 2STM, similar to the 2RC-ECM, also
employs the FFRLS, discretizing equation of the 2STM.

T.(k+1) = To(k) + TS(]“J);CTC(]“) + Qrg(k) AT (8)
Ts(k +1) = Ty(k) + Tc(k])%_CTs(k) ATy (kgz_CTS(k) AT (9)
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Throughout the entire period of sampling, the temperature of the sur-
rounding environment stayed mostly unchanged, i.e., T(k 4+ 1) = T¢(k).
Considering the challenges in obtaining the T, the process for identifying
parameters in the 2STM model was streamlined by using alternative methods,
Equations (8) and (9) can be combined to eliminate the 7, resulting in an

expression for the 7:

AT

AT?

)Ts(k+1)

AT
+ (CSRC t R TR CSCCRCR)TS(k)

AT AT
Tk +2) = <2_CR T C.R. O.R
AT AT
AT?
+ mQre(k) +

AT?2
e
C.,C.R.R, ' (k)

(10)
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The thermal capacity of the lithium battery’s outer layer, particularly
the aluminum-plastic film, defines its Cs. The Cs; of the metal material
remains relatively constant during usage. Therefore, the C; is derived through
calculations based on the technical details provided within the manufacturer’s
documentation. Given the known value of C, we only need to identify the
C., R¢, and R;. The battery heat generation (). can then be calculated using
the Bernardi equation. The difference equation, derived through the least
squares methodology, is computed using the specific equation represented
by Equation (10):

To(k +2) — Ty(k+1)
= 01AT?Q,e(k) + 92AT2(Tf(k) —Ts(k)) + 03(Ts(k+ 1) — Ts(k))
y(k) = Ts(k +2) = Ts(k + 1)
p(k) = [Qre(k) Ty(k) — Ts(k) Ts(k +1) — TS(k)]T
0(k) = [01 02 03]"

1D

Using data specified by the manufacturer, the Cs is determined to be
4.5(J-K—1). Incorporating the dual-state thermal model’s difference equation,
presented in the least squares format as Equation (11), into the FFRLS frame-
work outlined in Equation (4), the numerical values of 0(k) = [0 62 03] can
be determined. Then, using Equation (12), the values of C., R., and R, can
be calculated.

( 01
R, = o
1/1-065 1
_ 1 _ _ 12
Ce 0, < AT RSCS> Cs (12)
1
xRC ~ 0,R,C.C,

The identified parameters of the 2STM based on the FFRLS are illustrated
in Table 1.

3.3 Model Parameter Accuracy Verification

Evaluating the precision of the electro-thermal coupling model’s parameter
identification focuses on comparing predicted terminal voltage and surface
temperature values against the corresponding experimental data. As the error
decreases, the model’s ability to accurately identify parameters improves. The
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Table 1 2STM parameters
Temperature [°C] R, [KW™'] R.[KW™'] C.[JK ' C,[JK]

0 1.64 261x107*  3.63x10* 4.5
10 2.93 3.51x107%  4.69x10* 45
25 421 2.70x107*  5.63x10% 45
40 7.42 3.90x107%  5.43x10% 4.5
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terminal voltage values obtained through measurement and estimation under
HPPC conditions at ambient temperatures of 0°C, 10°C, 25°C, and 40°C,
along with the associated errors, are depicted in Figures 11 to 14. Figures 15
to 18 display the measured versus predicted battery surface temperature data
under HPPC testing, along with the associated error metrics. The fluctuations
in terminal voltage error for the electro-thermal coupling model range from
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—0.029V to 0.086V, the maximum deviation observed in terminal voltage
reached 0.086V, indicating minor discrepancies. The fluctuation range for
surface temperature errors is between —0.0245°C and —0.0094°C, with a
peak absolute error observed at 0.0245°C. Considering the discrepancies in
terminal voltage and surface temperature within the electro-thermal model, it
can be inferred that the parameters estimated by the FFRLS are essentially
accurate.

4 Analysis of Simulation Results for Estimating Lithium
Battery State of Charge and Core Temperature

Using surface temperature information gathered by the BMS, the electro-
thermal model estimates core temperature directly. The estimation of core
temperature relies on BMS sensor data, which can be affected by inaccura-
cies in surface temperature, current, and voltage readings. Additionally, the
electro-thermal model is unable to derive the battery’s SOC directly from
voltage and current measurements. To estimate the battery’s SOC indirectly,
it integrates a modified Kalman filter method. To improve precision in
estimating both the SOC and core temperature of the battery, the SRCKF
algorithm can be employed in conjunction with the established electro-
thermal coupling model for a more precise estimation of the battery’s SOC
and core temperature. This study uses the SRCKF method in conjunction
with an electro-thermal coupling model, using Urban Dynamometer Driving
Schedule (UDDS) test data of the LG18650HG2 open-source experimental
dataset at environmental temperatures of 0°C, 10°C, 25°C, and 40°C for the
simulation testing of SOC and core temperature, and compares it with the
EKF and UKF under the same conditions.

To determine the battery’s SOC and core temperature, the Kalman filter
algorithm is employed after transforming the electro-thermal model into
a state-space representation. This study presents two distinct sets of state
equations for characterizing the electro-thermal coupling model: the first set
is the electrical parameter state equation, and the second set is the thermal
parameter state equation. The I serves as the system input for the electrical
parameter state equation, with the SOC, U; and U, as the state variables,
and the U; as the system output. Similarly, the Q.. and T are taken as
the system inputs for the thermal parameter state equation, with the 7, and
T as the state variables, the T also serves as the system output. After
discretizing the two sets of state-space equations, considering the impact of
model and measurement errors, and incorporating system measurement noise
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Uk, (7)) and process noise wg, w(r)k. Equation (13) represents the state-
space formulation for electrical variables, while Equation (14) represents the
corresponding thermal variables.

{$k+1 = f(xg, ur) + wi = Apxy + Bruy + wy, (13)

Yk = g(xp, ur) + vp = Cray + Dyug + vg

(1)1 = F(@ @0 urr) + wrn = A yr + Bawwrr + wirk
Y = 9@ weryk) + vrw = Cow® @k + Derpury + U(T)k (14)

In Equation (13), the state variable xj, input variable u, and output ¥y

are respectively:
ry, = [SOC (k) Uy (k) Ua(k)]T

up = [I(k)]" (15)
yk = [U(k)]"
In Equation (14), the state variable x 1)y, input variable u )y, and output
Y1)k are respectively:
L(Tk = [Te(k) TS(k)]T
werye = [Qre(k) Ty (k)]T (16)
yerye = [Ts (k)"

In Equations (13) and (14), the input matrix Ay and A(T) &> control matrix
By, and B(7y;, observation matrix Cy and C'(7yy, transmission matrix Dy and
D7y}, in the state space equation are respectively:

( 1 0 0
—At

A= |0 eRiC1 0
— At
0 0 e 202

[ _nAt
Cm (17)
— At
| R2(1 — eR202)
(

Ci = [foen(SOC) —1 —1]
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A At
R.C, R.C.
Ay =
At . At B At
L R.Cs R.Cs RC;
r At
— 0
L C. (18)
(Dk = At
L R.C
Cirye =10 1]
Dy = [0 0]

Herein, C), is the rated capacity of the LG18650HG2 battery, which
is 3Ah. i is the Coulomb efficiency of the LG18650HG2 battery, typically
100%. At is the sampling time of the dataset, which is 0.1s.

4.1 Principle of Square Root Cubature Kalman Filter
Algorithm

The CKF algorithm utilizes spherical-radial cubature for Gaussian integra-
tion, applying cubature points to estimate state mean and covariance amidst
additional system noise. The transformation of random variables through
nonlinear functions yields an accurate approximation of their probability
distribution. In the traditional CKF approach, it is essential for the covariance
matrix to maintain both positive definiteness and symmetry during iterations.
During the computation with the traditional CKF, applying square root and
inverse operations to the covariance matrix can lead to a loss of its positive
definiteness and symmetry, thereby causing errors in the CKF during the
iteration process.

To address the issue where the covariance matrix potentially losing
its positive definiteness and symmetry during CKF computations, and to
enhance the algorithm’s robustness, the SRCKF method is enhanced by
incorporating concepts from square root filtering techniques. The SRCKF
approach applies QR decomposition, an orthogonal triangular method, to
derive the square root of the covariance matrix, mitigating the issue of losing
positive definiteness and symmetry during computation, thereby ensuring the
continuity of SRCKF during the iteration process.
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The steps involved in executing the SRCKF algorithm are listed below:

(1) Initialize the system state and specify the structure of the covariance for
estimation errors.

.f[) = E(x())
Py = E[(xo — &) (0 — &0) "]

. (19)
T(ry0 = E(z(7)0)
Piryo = El(z(ry0 — 2(m0) (€10 — L(1)0) "]
(2) Calculate the cubature points.
1 0 0 -1 0 0
0 1 0 -1
1] = B O PR O T O P O P ) (20)
0 0 1 0 0 -1
P, =SSt
¢ = vn[l];
Xj,k:Sij"i‘i'kv i=12...,2n (21)

Peryk = S)kS(ry

Xyjk = Sk + Tk

(3) Forward the cubature points and estimate the anticipated value for the
state parameter.

X = F(Xk ug)

2n
1 X
el = 50 Jk+1
j=1

Xryirer = F(Xayie uerr)
2n

_ 1 "
T(k+1 = 5 ZX(T)j,kJrl
\ Jj=1

(22)
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(4) Determine the root of the forecasted error covariance structure.

So.k = chol(Qy)

1
T = —| X7 — Tpt1, X5 — That, ..., Xo -
Xk+1 \/ﬁ[ 1,k+1 k+1s A2 k41 k+1 2n,k—+1 k1]

Skr1 = Tria([xj 41 So.k])

Sy = chol(Q(r)r)
* 1 * —
X(T)k+1 = E[X(T)l,k+1 = T(T)kt1s

- EKT)2,k+1 ~ T(T)kt1s - - - ’X(*T)2n,k+1 = Z()k41]
LSyt = Tria([X{rypy1 S)Qk])
(23)
(5) Update the cubature points.
Xjkt1 = Se41G + T
G _ (24)
X1yjk+1 = ST)k+16 + T(T)k41

(6) Forward the cubature nodes and compute the expected observation
result.
Yj,k+1 = Q(Xj,k+17 Up41)

1 2n
Ukt1 = 5~ Z Y1
= (25)
Yiryjesr = 9(X (@) k15 U(Tk+1)

1 2n
Ykl = 5 Z Y(1)j k41
\ 7=1

(7) Determine the square root of the covariance matrix related to measure-
ment noise.

4
Yiet1 = —=Y1 k+1 = Ukt15 Y2 k1 — Ukt 15 - -5 Yon kot 1 — Yt 1)
\V2n

SRk+1 = chol(Ry41)
Syy k+1 = Tria([ye+1 Srk+1])
1
Y Y 7
Y(T)k+1 \/%[ (T)1,k+1 — Y(T)k+1

Y(1)2,641 = Y(T)ht15 - - > Y(T)2n,h4+1 — YT)k+1]
Stryr k1 = chol(R(ryr11)
CSryyy k1 = Tria([Yryrer S(r)rkr1])

(26)
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(8) Determine the root of the cross-variance structure.

T
(PXY k+1 = Xk+1Vis1

Xk+1 = E[XUCH — Tt 1, X2kt 1 — Thtly - - Xom k1 — Tht1)
Pryxy k1 = X(Dk+17 {1y 11
1 _
X(T)k41 = E[X(T)l,k—i-l = T(T)kt15
L X121 = T(TYht 15 - - s X(T)2n 41 — T(T)k41]
27
(9) Kalman gain.
Pxy g1\ o1
K1 = <ST SYY,k+1
YY k
P, +1 28)
[ Poyxy g1\ o1
K(ryky1 = (ST >S(T)YY,I<:+1
(T)YY k+1

(10) Revise the predicted state estimate and determine the root value for the
updated error variance.

Tp+1 = Tht1 + K1 (Y1 — Yrr1)

Skr1 = Tria([xji1, — Krr1Ve+1 Kir1Sr k1))

Trykt1 = Tyt + Ko W1 — Ue+1)

Sryk+1 = Tria((X{pyp1 — Kk mk+1 Kap+19@) r1])

(29)

In these equations, E(xg) represents the mathematical expectation, Q =
diag([107? 107 107%]) and Q1) = diag([10~% 107Y]) are the process
noise covariance matrices, R = diag([111]) and Ry = diag([107° 1077])
are the measurement noise covariance matrices. 7ria() denotes the QR
decomposition of the enclosed matrix, while chol() refers to the Cholesky fac-

torization of the matrix inside the parentheses. The initial value zo = [1; 0; 0]
and Py = diag([107° 107° 107°]), Py = diag([107° 107°]).

4.2 Simulation Results and Analysis

Due to the absence of core temperature measurements in the LG18650HG2
open-source dataset, it is necessary to utilize the actual measurements of 7'
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and T from the LG18650HG?2 dataset, along with the parameters of the
electro-thermal coupling model C;, R, R.. According to Equation (3), the
theoretical value of the core temperature is derived and evaluated against
the algorithm simulation value. The simulation outcomes of the battery’s
SOC and core temperature under the UDDS drive cycle at environmental
temperatures of 0°C, 10°C, 25°C, and 40°C are shown in Figures 19, 20, 21,
22 and 23, 24, 25, 26.

Metrics used for assessing SOC errors are outlined in Table 2.

Table 3 provides an overview of metrics used for assessing errors in core
temperature.

SOC and Error(UDDS 0°C)
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Figure 19 UDDS 0°C SOC and error.
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Figure 20 UDDS 10°C SOC and error.
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SOC and Error(UDDS 25°C)
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Figure 21 UDDS 25°C SOC and error.
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Figure 22 UDDS 40°C SOC and error.
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Figure 23 UDDS 0°C core temperature and error.
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Core Temperature and Error(UDDS 10°C)
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Figure 24 UDDS 10°C core temperature and error.

Core Temperature and Error(UDDS 25°C)
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Figure 25 UDDS 25°C core temperature and error.
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Figure 26 UDDS 40°C core temperature and error.
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Table 2 SOC error evaluation metrics
Error Metrics (SOC)

Algorithm MAE MAPE RMSE
EKF(UDDS 0°C) 3.08% 7.79% 3.37%
EKF(UDDS 10°C) 1.93% 427% 2.06%
EKF(UDDS 25°C) 0.49% 1.21% 0.56%
EKF(UDDS 40°C) 0.71% 1.71% 0.75%
UKF(UDDS 0°C) 1.69% 4.48% 1.89%
UKF(UDDS 10°C) 1.16% 3.09% 1.29%
UKF(UDDS 25°C) 0.25% 0.82% 0.31%
UKF(UDDS 40°C) 0.51% 1.37% 0.54%
SRCKF(UDDS 0°C) 0.02% 0.02% 0.05%
SRCKF(UDDS 10°C) 5.81x107%% 1.53x1073% 8.14x107%%
SRCKF(UDDS 25°C) 0.01% 0.05% 0.02%
SRCKF(UDDS 40°C) 0.09% 0.27% 0.11%

Table 3 Core temperature error evaluation metrics

Error Metrics (Core Temperature)

Algorithm MAE MAPE RMSE

EKF(UDDS 0°C) 0.009°C  0.122% 0.016°C
EKF(UDDS 10°C) 0.007°C  0.081% 0.012°C
EKF(UDDS 25°C) 0.011°C  0.047% 0.021°C
EKF(UDDS 40°C) 0.009°C  0.022% 0.015°C
UKF(UDDS 0°C) 0.007°C  0.106% 0.013°C
UKF(UDDS 10°C) 0.006°C  0.063% 0.001°C
UKF(UDDS 25°C) 0.008°C  0.034% 0.018°C
UKF(UDDS 40°C) 0.007°C  0.016% 0.012°C
SRCKF(UDDS 0°C) 0.003°C  0.072% 0.013°C
SRCKF(UDDS 10°C) 0.001°C  0.014% 0.009°C
SRCKF(UDDS 25°C) 0.005°C  0.021% 0.018°C
SRCKF(UDDS 40°C) 0.002°C  0.006% 0.012°C

Analysis of all simulation outcomes reveals that SRCKF demonstrates
superior accuracy in estimating SOC and core temperature. The maximum
error of SOC estimation for UDDS under four different ambient temperature
conditions by SRCKF does not exceed 0.19%, and the estimated maximum
deviation for core temperature does not surpass 0.28°C. The Mean Absolute
Errors (MAE) for all SOC estimations by SRCKF doesn’t surpass 0.09%,
the Root Mean Square Error (RMSE) for all SOC estimations by SRCKF
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doesn’t surpass 0.11%, and the Mean Absolute Percentage Error (MAPE) of
all SOC estimations by SRCKF does not exceed 0.27%. The MAE of all core
temperature estimations by SRCKF does not exceed 0.005°C, the RMSE does
not exceed 0.018°C, and the MAPE does not exceed 0.072%. Comparative
analysis indicates that SRCKF achieves an average SOC estimation accuracy
improvement of 94% over UKF and 96% over EKF. SRCKF demonstrates
a 58% average improvement in core temperature estimation accuracy over
UKEF, and 68% over EKF.

5 Conclusions

By integrating the SRCKF algorithm with the electro-thermal coupling
framework, effective real-time estimation of SOC and core temperature of the
battery is achieved. The outcomes from simulations, using the open-access
LG18650HG?2 dataset, demonstrate findings under chosen UDDS scenarios,
SRCKEF achieves an average enhancement of 94% and 58% in SOC and
core temperature accuracy, respectively, over UKF, and an average enhance-
ment of 96% and 68% over EKF. In comparison to conventional EKF and
UKEF algorithms, the SRCKF algorithm demonstrates enhanced estimation
precision and greater robustness. The dataset utilized for these simulation
experiments was derived from the LG18650HG?2 lithium battery, with future
plans for extending the testing and validation of the SRCKF algorithm to
encompass various other lithium battery types.
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