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Abstract: As the main energy storage component of electric vehicles (EV), lithium-ion battery state estimation is an
essential part of the battery management system (BMS). State of Energy (SOE) is one of the important state parameters,
and its accurate estimation effectively reduces the potential safety hazards in the use of lithium-ion batteries, improves the
efficiency of energy utilization, and alleviates the mileage anxiety of drivers. To solve the problem that the prediction of
SOE of lithium-ion batteries is greatly influenced by temperature, a novel method called adaptive fuzzy control forgetting
factor recursive least squares-Adaptive extended Kalman filtering (AFCFFRLS-AEKEF) is formed. A fuzzy logic controller
is designed for adaptive adjustment of the online parameter recognition forgetting factor with the change of working
conditions. To solve the problem that the open-circuit voltage (OCV) changes with the influence of temperature in the
variable temperature range, the regression analysis method is used in modeling to realize the regression analysis of OCV in
a wide temperature range. Estimation accuracy is verified under two working conditions. The error of the estimation

considering the temperature effect converges within 1%, which achieves higher estimation accuracy and stronger robustness.
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1 Introduction
1.1 Literature review

Battery SOE is defined as the percentage of battery remaining energy and rated capacity underrated working
conditions[1, 2]. Compared with the state of charge (SOC), SOE not only describes the capacity characteristics of lithium-
ion batteries but also reflects voltage changes [3]. Compared with SOC, SOE can reflect the real energy state of batteries
more comprehensively and accurately [4]. Accurate estimation of battery SOE can enhance the reliability of estimation and
prediction of power battery residual energy [5, 6]. There is a corresponding relationship between residual energy and battery
range [7]. Accurate SOE estimation results can provide a reliable estimation basis for EV range prediction [8]. SOE as one
of the important parameters of the vehicle BMS [9, 10], can be used as a vehicle energy optimization [11], reasonable
distribution of battery power [12], to provide maximum energy to the motor [13], to extend the range of EV, improve the
utilization efficiency of battery power [14], meet the dynamic performance of the vehicle, and is of great significance to
improve the economic benefit of power battery [15]. It is of great significance to establish an equivalent circuit model to
accurately characterize the electrochemical system of lithium-ion batteries for SOE estimation [16]. The lithium-ion battery
is a complex electrochemical system, which is accompanied by a chemical reaction in the charging and discharging process,
so the working mechanism of the lithium-ion battery is not a simple linear process, but a complex nonlinear electrochemical
process[17]. The modeling of the lithium-ion electrochemical system needs to consider the complex electrochemical process,
and various state parameters cannot be obtained directly [18]. Therefore, it is necessary to establish an appropriate battery
model to describe the corresponding relationship between each chemical process and physical variables [19, 20]. So far,
lithium-ion battery models can be divided into the electrochemical model [21], equivalent circuit model [22-24], artificial
intelligence model using data[25-27], and hybrid model [28]. The model parameters of a lithium-ion battery are affected by
temperature, discharge rate, discharge depth, and health status[29]. Among various factors, the temperature has the greatest
influence on the electrochemical reaction in lithium-ion batteries[30], which shows that the capacity of lithium-ion batteries
varies greatly at different temperatures. The OCV of lithium-ion batteries also varies at different temperatures. Even under
extremely low temperatures, the lithium-ion battery cannot normally supply power due to too low temperature [31].

Therefore, it is necessary to consider the influence of temperature on lithium-ion batteries in equivalent modeling of the



working temperature range of lithium-ion batteries [32].

Lu et al. [33]studied the mechanism of heat generation of lithium-ion batteries and constructed a battery heat
conduction model based on fractional calculus theory, which can well simulate the transient temperature field of batteries.
Han et al. [34] established an improved semi-empirical capacity degradation model of lithium-ion battery that fully
considered internal resistance and temperature, used a wavelet packet to de-noise the data set of the lithium-ion battery, and
used a genetic algorithm to identify the parameters of the model, which can accurately predict the remaining service life and
health status of lithium-ion battery. Moosavi et al. [35] based on the thermal analysis model of the temperature field of the
cylindrical lithium-ion battery, etc., studied the important parameters of the temperature rise and thermal gradient of lithium-
ion battery on the safety evaluation and performance of the lithium-ion battery. The research shows that the 21700 battery
has the best thermal performance in high charge and discharge applications. Based on the pseudo-two-dimensional (P2D)
model, Wang et al. [36] established a simplified discrete electrochemical model applicable to a wide temperature range by
fitting lithium-ion concentration into a parabolic form. To reduce the influence of temperature on the SOC estimation
accuracy of the lithium-ion battery, Wu et al. [37] took polymer ternary lithium-ion battery as the research object and
established Thevenin equivalent circuit model with temperature compensation. UKF algorithm was used to estimate SOC,
and the maximum error was within 3%. In this paper, a second-order RC equivalent circuit model is established to accurately
characterize the characteristic parameters of lithium-ion batteries. Zhang et al. [38] analyzed the OCV characteristics of
large-capacity batteries at different temperatures, and the results showed that the battery quality had a significant impact on
voltage characteristics. Sheng et al [39] et al. characterized the specific heat and heat production rate of electrochemical cells
by introducing a uniform temperature process to minimize the temperature difference between the cells. This new method
can obtain the thermal performance of lithium-ion cells at a lower cost and in a shorter time. Shu et al.[40] proposed an
adaptive fusion algorithm to robustly estimate the state of charge of lithium-ion batteries, using an improved recursive least
square algorithm with a forgetting factor to identify the parameters of the proposed equivalent circuit model, verifying its
effectiveness and stability in the presence of internal capacity degradation and operating temperature variation of the battery.

The temperature has a great influence on the performance of the lithium-ion battery and must be considered in the
process of state estimation [41-43]. From the above literature analysis, it can be seen that the estimation method considering

temperature modeling and filtering can effectively solve the influence of temperature in the process of state estimation [44].



The analytical modeling and online identification of lithium-ion batteries directly affect the state estimation of lithium-ion
batteries [45, 46]. The establishment of a lithium-ion battery model considering temperature and discharge rate can
effectively improve the accuracy of state estimation to a large extent [47].

In this paper, on the premise of fully analyzing the relationship between temperature and SOE in a wide temperature
range of lithium-ion batteries, the model auto-regression online parameter identification considering the temperature is
realized, and a good estimation effect is achieved. Temperature is an important factor to be considered in the modeling of
lithium-ion batteries. The establishment of a lithium-ion battery model considering the influence of temperature can more
accurately characterize the physical and chemical characteristics of the lithium-ion battery, and thus achieve the purpose of
high-precision estimation of battery status. This study addresses the problem of temperature influence on the estimation of
the SOE of lithium-ion batteries and completes the equivalent modeling and model-based parameter identification of the
lithium-ion battery system using a combination of equivalent modeling considering temperature and fuzzy control adaptive
online parameter identification to achieve an online estimation of the SOE of lithium-ion batteries.

1.2 Idea and contribution

Considering the temperature effect of OCV of the lithium-ion battery and the influence of model identification
accuracy on energy state estimation, this paper adopts the idea of multilevel temperature curve regression analysis and
fuzzy adaptive strategy based on forgetting factor recursive least square algorithm to solve the modeling and identification
of lithium-ion battery model in a wide temperature range. Based on the model parameters and adaptive extended Kalman
filtering algorithm, the SOE of lithium-ion batteries in a wide temperature range can be estimated with high accuracy and
strong robustness. The main contributions of this paper are as follows.

(1) Based on the improved dual-polarization model, the coupling relationship among OCV, SOE, and temperature is
established, and the OCV of the model can be accurately obtained in the wide temperature range of -5°Cto 35°C

(2) A fuzzy adaptive online parameter identification strategy is designed, and the real-time online acquisition of all
parameters of the improved dual-polarization model in the wide temperature range of -5°Cto 35°Cis realized
according to the operating condition information.

(3) The adaptive extended Kalman filtering algorithm considering the temperature is constructed, and the adaptive

correction of filtering noise in the wide temperature range of -5°Cto 35°Cis realized.



(4) A new adaptive fuzzy control forgetting factor recursive least squares-adaptive extended Kalman filtering method
(AFCFFRLS-AEKEF) is proposed, and the high accuracy and strong robustness of SOE estimation are verified by
experiments.

1.3 Paper organization

The rest of this paper is organized as follows: In the second section, the improved dual-polarization equivalent circuit
model is established, the fuzzy adaptive online identification strategy is designed, the adaptive extended Kalman filtering
algorithm considering the temperature is constructed, and the adaptive fuzzy control-forgetting factor recursive least
squares-adaptive extended Kalman filtering method (AFCFFRLS-AEKEF) for estimating the energy state of lithium batteries
is presented. In the third section, based on the experimental data, the multi-level temperature regression surface in a wide
temperature range is obtained, and the estimation accuracy and robustness of the algorithm are discussed under two dynamic
stress test conditions. The fourth section gives the conclusion.

2 Mathematical analysis

2.1 Equivalent circuit model

The lithium-ion battery is a complex electrochemical system. Due to the conversion of chemical energy, electric energy,
and heat energy in the charging and discharging process, the lithium-ion battery has a strong nonlinear nature. To facilitate
the analysis and calculation of state parameters of the lithium-ion battery, such as state of charge, SOE, state of power, state
of health, and state of equilibrium, it is very important to build the equivalent circuit model of the battery. At present, the
modeling of the lithium-ion battery can be divided into the electrochemical model, equivalent circuit model, artificial
intelligence model using data, and hybrid model. The electrochemical model needs to analyze the complex internal reaction
mechanism and is difficult to be applied in engineering practice due to a large amount of calculation. It is mainly used in the
process of battery design and manufacturing. The artificial intelligence model can theoretically complete the equivalent
modeling of the battery, but the training of the model requires a large number of actual operation data of the evaluated object,
which cannot be modeled quickly and takes a long time to process, limiting its application. The equivalent circuit model
with low complexity and clear physical and chemical significance has been widely used. The hybrid model selects a variety
of models for equivalent modeling, which improves the modeling accuracy and increases the difficulty of modeling. In this

paper, the equivalent circuit model is used to characterize the nonlinear electrochemical system of lithium-ion batteries. To



accurately characterize the dynamic characteristics of the electrochemical system of lithium-ion batteries, a dual-polarization
model based on the Thevenin equivalent circuit model is used. The dual-polarization circuit model of the lithium-ion battery

is shown in Fig. 1.

Fig. 1 The dual-polarization circuit model of lithium-ion battery

In Fig. 1, Ry represents the polarization caused by the ohmic internal resistance of the lithium-ion battery, called ohmic
polarization, and the voltage at both ends is Urs. The voltage across the DC power supply is Uoc(SOE, Tem), which is used
to characterize the OCV of lithium-ion batteries changing with temperature and SOE. The polarization phenomenon caused
by the electrochemical reaction velocity on the positive and negative electrodes being less than the electron movement
velocity is regarded as electrochemical polarization, which is represented by the parallel connection of a resistor Rp; and a
capacitor Cp1, and the voltage at both ends is Up1. The polarization phenomenon caused by the diffusion rate of lithium-ions
in the solid phase is less than the electrochemical reaction rate, which is regarded as the concentration difference polarization
and characterized by the parallel connection of a resistor Rp, and a capacitor Cr,, and the voltage at both ends is Up,. The
subdivided battery model is called the second-order RC model because it consists of two RC loops in series. The second-
order RC model of the lithium-ion battery can better characterize the dynamic properties of the battery without increasing
the amount of calculation.

According to the established equivalent circuit model, Kirchhoff's law can be used to obtain the calculation formula of
discharge voltage U, and discharge current I(t) of the lithium-ion battery, as shown in Equation (1). The discharge voltage
of the lithium-ion battery is the OCV minus the polarization voltage of each part. Because the two parts of electrochemical

polarization and concentration difference polarization are connected in series, the current flowing through the two parts is



equal.

Uy = Upc(SOE, Tem) — Ugy — Upy — Up;
du U du U

dt R

“ P24t R

pl p2

The formula for SOE is shown in Equation (2). Taking parameters SOE, Up;, and Up; as state variables, the state space
equation of lithium-ion battery can be obtained according to Equation (1)and the zero-state response characteristic of the
capacitor, as shown in Equation(3) Error! Reference source not found.and Equation (4)Error! Reference source not

found.. Where the current I(t) is discharged as positive and charged as negative.
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In Equation (3)Error! Reference source not found., At represents the sampling interval,  is the process noise in
modeling and calculation, and the process noise is the zero-mean white noise whose covariance matrix is Q.  refers to the
noise existing in the sensor or data reading. The measurement noise is zero-mean white noise with the covariance matrix R.

2.2 Adaptive fuzzy parameter identification and temperature surface

The OCV (Uoc) of lithium-ion batteries is affected by many factors, such as temperature and energy state, charge state,
health state, remaining life, and so on. When the lithium-ion battery is in a state of extremely low temperature, it is very
likely to be unable to work properly due to the increase in internal resistance and the decrease in chemical activity.
Temperature and energy state are two important factors affecting the electrochemical reaction in lithium-ion batteries. The
external voltage characteristics of lithium-ion batteries are important parameters in the battery power supply process, and
also the observation object used to correct the filtering algorithm deviation. Therefore, obtaining accurate OCV in the

charging and discharging process is an important link for parameter identification and high-precision state estimation of



lithium-ion batteries. The OCV of a lithium-ion battery can be measured only after the battery is charged and discharged for
a long time and the polarization of the battery disappears, that is, the polarization voltage of each part disappears. According
to the experimental guide {Freedom CAR Battery Test Manual For Power-Assist Hybrid Electric Vehicles) , the HPPC
experiment with SOE divided into 10 levels was selected. Considering the operating temperature range of lithium-ion battery,
the temperature can be divided into 6 levels: -5°C, 5°C, 10°C, 15°C, 25°C, and 35°C, which can cover the temperature range
from -5°Cto 35°C Statistical regression analysis was used to fit the nonlinear surface of the OCV of the lithium-ion battery.

Laplace transform is used to transform the dual-polarization circuit model described by Equation (1), and the complex

frequency domain expression of the constructed model can be obtained, as shown in Equation (5).
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s = %% where T is the sampling time, discretization of Equation (5), and the transfer function of the equivalent model

of a lithium-ion battery can be obtained as shown in Equation(6).
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In Equation(6), c1, Cz, Cs, C4, and Cs are constants that need to be identified for parameter identification, and the equation
of lithium-ion battery is transformed into a linear difference equation, as shown in Equation (6).
yk+1)=Upc— U, =c1y(k —1) + cuy(k — 2) + c31(k) + c,I(k — 1) + c5I(k — 2) (7
1(k) is the system input and y(K) is the system output in Equation (7). The relationship between lithium-ion battery
parameters and constant-coefficient can be derived, as shown in Equation (8).
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The process of parameter identification is to use the charging and discharging data of the real-time operation of a
lithium-ion battery to identify the parameter variables and reverse solve the equivalent parameters. The expression of input

variables and parameter variables in the form of the matrix can obtain the formula as shown in Equation (9).

{qb(k) = [y(k = D) y(k = 2) I(k) I(k = 1) I(k — 2)] ©)
0 = [a;, a; az a4 as]
Thus, the output matrix expression of the system can be obtained, as shown in Equation (10).

y(k) = ¢(k)"6 + e(k) (10)

The forgetting factor recursive least square algorithm is used to identify the parameters of the equivalent circuit
identification model online. The online parameter identification method can better adjust the parameters of the equivalent
circuit model according to the dynamic characteristics and real-time operation data of lithium-ion batteries, to achieve the
purpose of high-precision battery state estimation. The formula of the recursive least squares forgetting factor algorithm is

shown in Equation (11).
Kk+1)=Plk)pk + Dlp+¢T(k+ 1)P(k)p(k + 1]
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In the formula, the forgetting factor p is the forgetting factor, 6 (k) is the solution of the desired quantity at time k, (k)

is the input matrix at time k, K(k+1) is the gain at time k+1, and P(Kk) is the covariance at time k. The traditional forgetting
factor recursive least-squares algorithm generally takes a constant value between 0.95 and 1 to eliminate the phenomenon
of "data saturation" caused by the increase of the data volume and the gradual approach to zero of the gain matrix.

The value of the forgetting factor directly affects the result of parameter identification. The forgetting factor with
constant value cannot adapt to the dynamic electrochemical reaction in a lithium-ion battery with the update of real-time
data. According to the real-time estimation error of the ion battery, the value of the forgetting factor can be adjusted
adaptively to better analyze the electrochemical reaction trend mapped behind the data. A fuzzy logic controller was used
to adjust the forgetting factor according to the identification error of the lithium-ion battery. The residuals and their mean
values of the identified charge-discharge voltages were taken as the input of the fuzzy logic controller, and the adjustment

value of the forgetting factor was taken as the output. A fuzzy logic controller with double input and single output was



designed for adaptive tuning calculation of the adjustment value of the forgetting factor. Seven fuzzy languages {NB, NM,
NS, M, PS, PM, PB} are selected to describe the residual and mean values of charge and discharge voltages during the
generation of fuzzy rules. The fuzzy sets are NB (negative big), NM (negative middle), NS (negative small), Z (zero), PS
(positive small), PM (positive middle), and PB (positive big). Four fuzzy language variables {NB, NS, PS, PB} were
selected to describe the adjustment value of the forgetting factor. The image of the input and output membership function

of the fuzzy logic controller is shown in Fig. 2.
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Fig. 2 Fuzzy rule diagram
The value of the forgetting factor reflects the forgetting degree of the recursive least squares algorithm to the historical
data. When the forgetting factor decreases, the influence of the old data on the system identification will be reduced, and the
influence of the new data on the identification results will be double-enhanced. The output state NB indicates that the setting
value of the forgetting factor decreases, while PB indicates that the setting value of the forgetting factor increases. The
theoretical domain of charge and discharge voltage residuals is [-0.05, 0.05], the theoretical domain of mean charge and
discharge voltage residuals are [-0.5, 0.5], and the theoretical domain of forgetting factor adjustment value is [-0.0003,

0.0003]. The membership function of each variable is adjusted and determined according to theoretical analysis and



simulation results, and a triangular membership function is used for all variables.
2.3 Adaptive extended Kalman filtering algorithm

When using the EKF algorithm to estimate battery SOE, its noise characteristics are assumed to be Gaussian white
noise, but its characteristics can not be counted in practice. If white Gaussian noise is still assumed, the actual estimated
error value of the system state will differ greatly from the theoretically calculated error value. With the continuous iteration
of data, the estimated error will become larger and larger. This will reduce the estimation accuracy of the Kalman filtering
algorithm and even invalidate it. To solve this problem, the AEKF algorithm, based on the EKF algorithm, continuously
estimates and corrects the statistical characteristics of noise through the measurement data to improve the accuracy of system

state estimation and realize the update of g, r«, Qk Rk four noise variables. The updating process is shown in Equation (12).
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Where, x,, is the state of the system at the moment k; y,.., is the observed quantity of state; G is noise-driven; A is
the state transition matrix of the battery system; B is the control matrix; wu,, is the control variable of the control matrix; C

is the system measurement matrix; f’k+1| x is the error covariance matrix of the initial prediction. In formula (11), the
state observation y,., isa coupling function of temperature and SOE. Noise variables can be adaptively revised
according to the changes in temperature and SOE.

y, = f (Tem,SOE) (13)

In the time-varying system of the lithium-ion battery, to better adapt to the changes in working conditions and internal
chemical reactions of the lithium-ion battery, the A-weighting method is adopted to improve the estimator. The weighting
coefficient d, = (1 — b)/ (1 — b"“) is used, where B is the forgetting degree of historical noise. The smaller the value
of B is, the greater the weight of current data in the noise update. The calculation formula of the noise matrix after adding
the weight coefficient is shown in Equation (14). According to the adaptive noise updating formula combined with the EKF

recursive process, the AEKF algorithm process can be obtained, as shown in Equation (15).
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In Equation (15), K is Kalman gain; Rk is measure noise; D is the driving prediction matrix; E is the identity matrix.
After the calculation of Equation (15), the noise is updated by Equation (14) to realize the adaptive recursive iterative
process of AEKF algorithm noise.

2.4 AFCFFRLS-AEKEF algorithm

Based on equivalent modeling and adaptive parameter identification considering temperature, combined with the
AEKEF algorithm considering temperature, a novel SOE estimation method suitable for lithium-ion batteries in a wide
temperature range is formed, which solves the problem of model identification and SOE estimation of lithium-ion battery

in a wide temperature range. The resulting flow chart of the AFCFFRLS-AEKF algorithm is shown in Fig. 3.
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Fig. 3 AFCFFRLS-AEKF algorithm flow chart

In Fig. 3, charge and discharge data and temperature information of lithium-ion battery were obtained through
experiments, and the OCV surface within a wide temperature range of lithium-ion battery was obtained through
experimental analysis combined with regression analysis. Based on the voltage, current, and temperature information
obtained in the experiment, the online parameter identification and SOE estimation of the equivalent model are realized.
The voltage residual information was obtained during each estimation process, the AEKF noise information was updated
according to the residual information, and a fuzzy logic controller was designed to adjust the forgetting factor of online
parameter identification adaptively. The parameter identification results can better provide model parameter data for AEKF
to estimate SOE, and to realize the online SOE estimation of lithium-ion batteries based on the AFCFFRLS-AEKF
algorithm considering the influence of wide temperature.

3 Experiments and discussions

The experimental platform was built according to the experimental design, and the experimental instruments included
a large rate charge and discharge tester (BTS-750-200-100-4), a three-layer independent thermostat, an industrial control
computer, and a lithium-ion battery. According to the experiment design, experiments under different temperatures and
SOE conditions were carried out and data were recorded. The basic technical parameters of the battery used are shown in

Table.1.

Table. 1 Basic technical parameters of the battery

Factor parameter
Size: length * width * height /mm 200*80*180




Rated voltage/V/ 3.65

Maximum load current /A 1.5C
Charge cut-off voltage/\V/ 4.2
Discharge cutoff voltage/\V/ 2.75
Working temperature /°C -10~40
Rated capacity/Ah 70.0

3.1 Experimental platform and experiment
The experimental platform was built according to the experimental requirements to meet the requirements of fixed
SOE charging and discharging of lithium-ion batteries and temperature control in the experiment. The experimental platform

built is shown in Fig. 4.
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Fig. 4 Experimental platform diagram

The experiment design includes two factors: SOE and temperature, in which there are 10 levels of SOE and 6 levels of
temperature. After input in Minitab software, a 60-time experimental schedule was made. According to the experiment plan,
set the corresponding experiment steps on the industrial control computer, and adjust the thermostat to the corresponding

temperature. The experimental results obtained based on the experimental data are shown in Table. 2.

Table. 2 OCV-SOE experimental results at different temperatures

Step T°C SOE Uoc Step T°C SOE Uoc Step T°C SOE  Uoc Step  T°C  SOE  Uoc

1 -5 01 3545 16 5 06 3.7658 31 15 01 34805 46 25 0.6 3.7224

2 -5 02 35813 17 5 0.7 38569 32 15 0.2 35571 47 25 0.7 3.8296

3 -5 0.3 3.6049 18 5 08 39533 33 15 0.3 3598 48 25 08 3.9347

4 -5 04 36328 19 5 09 40593 34 15 04 3.6228 49 25 09 4.0497



5 -5 05 36793 20 5 1 41827 35 15 05 36604 50 25 1 41818

6 -5 06 37686 21 10 01 349 36 15 06 3.7503 51 35 0.1 34539

7 -5 0.7 3.8594 22 10 0.2 35664 37 15 0.7 3.8457 52 35 0.2 3.5292

8 -5 08 39499 23 10 03 3598 38 15 0.8 39462 53 35 03 3.5897

9 -5 09 4.0488 24 10 04 36241 39 15 09 4.0562 54 35 0.4 3.6204

10 -5 1 41672 25 10 05 36635 40 15 1 41827 55 35 05 3.656

11 5 0.1 35168 26 10 06 374 41 25 01 34508 56 35 06 3.736

12 5 02 35748 27 10 0.7 38485 42 25 0.2 35249 57 35 0.7 3.839%5

13 5 0.3 3.6008 28 10 0.8 3.9468 43 25 0.3 35859 58 35 0.8 3.9453

14 5 04 36278 29 10 09 40547 44 25 04 36151 59 35 09 4.0606

15 5 05 36712 30 10 1 41793 45 25 05 3.6489 60 35 1 41914

Table. 2 records the results of 60 experiments. To verify the robustness of the algorithm, the dynamic stress test at 25°C
is used to verify whether the proposed algorithm has a strong robust estimation performance.
3.2 Temperature regression surface

The OCV surface of lithium-ion battery with temperature characteristics and its equation were obtained by
experimental design combined with linear regression analysis. During the analysis, two temperature surfaces were obtained
with or without the temperature of 25°C, which were used to verify the robustness of the fuzzy adaptive method to estimate
the energy state of the powerful lithium-ion battery considering the influence of temperature. When considering the

temperature condition of 25°C, the temperature surface obtained is shown in Fig. 5.

a. 6 horizontal temperature response surface b. 5 horizontal temperature response surface



Fig. 5 Temperature regression surface

Fig. 5.a is a fitting surface with a temperature condition of 25°C. The regression analysis of this surface includes all 60
experimental data. The r-square value of the surface is 0.99817, and the adjusted r-square value is 0.99775, a difference of
0.00042, indicating that the surface has a good fit and effect at the temperature of 6. Fig. 5.b is a fitting surface excluding
25°Ctemperature, in which case it can be used to verify the robustness of the nonlinear regression analysis equation for OCV
prediction. The r-squared value of the surface is 0.99822, and the adjusted r-squared value is 0.99770, with a difference of
0.00052. The r-square value of surface fitting at the 5-level temperature is higher than that at the 6-level, but the fitting
degree and effect are still very good. Put the 25°Cexperimental data into the temperature surface of 5 temperature horizontal

regression analysis, and the estimated error value can be obtained, as shown in Fig. 6.
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Fig. 6 Voltage estimation error diagram

Fig. 6 is the estimation error diagram of OCV at 25°C After calculation, MAE, MAPE, and RMSE estimated are
0.950%, 0.254%, and 1.154% respectively. The results show that the experimental design combined with the regression
analysis method can be used to estimate the OCV under unknown temperatures, which can effectively solve the problem of
poor robustness of the model OCV under a wide temperature range.

3.3 DST experimental estimation results
The 6-level temperature response surface including 25°Cand the 5-level temperature response surface excluding 25°C

combined with a fuzzy adaptive control strategy were used to estimate the dynamic stress test (DST) experimental energy



state at 25°C. The estimated results are shown in Fig. 7.
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Fig. 7 The estimation result of SOE under 25°C DST experimental condition

In Fig. 7, AFCFFRLS-AEKF 5 represents the result of SOE estimation using 5 horizontal temperature response
surface and fuzzy control strategy combined with AEKF algorithm, Err_1 represents its estimation error, and the estimation
error is within 1%. AFCFFRLS-AEKF_6 represents the result of SOE estimation using 6 horizontal temperature response
surfaces and fuzzy control strategy combined with the AEKF algorithm. Err_2 represents its estimation error, and the
estimation error is within 1%. AFCFFRLS-EKF 5 represents the result of SOE estimation using the 5-level temperature
response surface and fuzzy control strategy combined with the EKF algorithm, Err_3 represents its estimation error, and the
estimation error is within 7%. AFCFFRLS-EKF_6 represents the result of SOE estimation using the 6-level temperature
response surface and fuzzy control strategy combined with the EKF algorithm, Err_4 represents its estimation error, and the

estimation error is within 4%. MAE, MAPE, and RMSE results of the four algorithms are shown in Table. 3.

Table. 3 Error analysis table under 25°CDST experimental condition

AFCFFRLS- AFCFFRLS-
Method ~ AFCFFRLS-EKF 5 AFCFFRLS-EKF 6
AEKF 5 AEKF 6
MAE (%) 2.9016 1.7135 0.4515 0.3215
MAPE (%) 19.6352 10.4060 1.5206 0.1028
RMSE (%) 3.5569 2.0471 0.4724 0.3479

It can be seen in Table. 3 that the estimation accuracy of SOE using the adaptive Extended Kalman filtering algorithm
is higher than that using the extended Kalman filtering algorithm, and the estimation accuracy of the 6-level temperature
response surface is higher than that of the 5-level temperature response surface. From the perspective of MAE, the MAE of

the AFCFFRLS-AEKF_6 algorithm is 0.3215, which proves that the predicted value of SOE can converge near the true



value in the whole prediction process. From the MAPE of SOE estimation error, the MAPE of the AFCFFRLS-AEKF_6
algorithm is 0.1028, which indicates that the constructed algorithm has good estimation accuracy. From the perspective of
the quality of regression prediction, the RMSE of the AFCFFRLS-AEKF 6 algorithm is 0.3479, which has a good
regression effect compared with the previous three cases.
3.4 BBDST experimental estimation results

The feasibility of the method was verified under Beijing Bus dynamic stress test (BBDST) working conditions. The
experiment data was acquired at the temperature of 25°C. Similarly, the regression curve of two response surfaces is used to
verify the estimation accuracy and robustness of the algorithm. The estimation accuracy of the algorithm can be verified
when using a 6-level temperature response surface containing 25°C OCV information. Furthermore, the robustness and
accuracy of the algorithm can be verified when using a 5-level temperature response surface that does not contain 25°C

OCV information. The estimated results are shown in Fig. 8.
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Fig. 8 The estimation result of SOE under 25°C BBDST experimental condition

The naming rules in Fig. 8 are the same as in Fig. 7. The error 1 and error 2 can also converge to within 1% under the
BBDST experimental conditions. Error 3 and error 4 converge to within 3.5%. Again for the convenience of analysis, the

MAE, MAPE, and RMSE of the four algorithms were calculated and the results obtained are shown in Table. 4

Table. 4 Error analysis table under 25°CBBDST experimental condition

AFCFFRLS- AFCFFRLS-
Method ~ AFCFFRLS-EKF 5 AFCFFRLS-EKF_6
AEKF 5 AEKF 6
MAE (%) 1.2312 0.6819 0.4357 0.1542
MAPE (%) 62.7449 42.6754 9.1058 3.7182



RMSE (%) 1.5383 1.0385 0.4515 0.1840

From the perspective of MAE, the MAE of the AFCFFRLS-AEKF_6 algorithm is 0.1542, which proves that the
predicted value of SOE can converge near the truth value in the whole prediction process. From the MAPE of SOE
estimation error, the MAPE of the AFCFFRLS-AEKF_6 algorithm is 3.7182, which indicates that the constructed algorithm
has good estimation accuracy. From the perspective of the quality of regression prediction, the RMSE of the AFCFFRLS-
AEKF_6 algorithm is 0.1840, which has a good regression effect compared with the previous three cases.

4 Conclusions

In view of the problem that the prediction of SOE of lithium-ion batteries is greatly affected by temperature, the
equivalent model adaptive parameter identification considering the temperature is realized by using regression analysis and
fuzzy logic control, and a novel (AFCFFELS-AEKF) SOE estimation method suitable for lithium-ion batteries in a wide
temperature range is formed by combining AEKF algorithm considering the temperature. The regression analysis method
is used to realize voltage estimation considering temperature, which is proved to have well estimation accuracy and
regression effect. The applicability of the constructed estimation model is verified in two experimental conditions. The
estimation errors of the estimation method considering the temperature effect can converge within 1% in both conditions,
which can achieve high estimation accuracy and strong robustness.
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