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Abstract

For lithium-ion batteries, the state of charge (SOC) of batteries plays an important role in the battery management system,
and the accuracy of the battery model and parameter identification is the basis of SOC estimation. Considering that the
system has inevitable steady-state errors and the influence of random noise on SOC estimation results under dynamic
conditions, this paper proposed an improved proportional control forgetting factor recursive least square-Monte Carlo
adaptive extended Kalman filtering (PCFFRLS-MCAEKF) algorithm for high-precision state-of-charge estimation of
lithium-ion batteries. The experimental results show that the proportional control forgetting factor recursive least square
algorithm has higher parameter identification accuracy under HPPC and BBDST conditions. Under HPPC working
conditions, the root mean square error of PCFFRLS-MCAEKF algorithm is reduced by 1.275%, 0.687%, and 0.549%
compared with FFRLS- EKF, PCFFRLS-EKF, and PCFFRLS-AEKF algorithm, and the average absolute error is reduced
by 0.71%, 0.537%, and 0.11%. Under BBDST working conditions, the SOC estimation result of PCFFRLS-MCAEKF
algorithm is closer to the real SOC, which is consistent with the result obtained under HPPC working conditions. The
experimental results show that under HPPC and BBDST working conditions, the PCFFRLS-MCAEKF algorithm can better
improve the accuracy and robustness of SOC estimation than FFRLS-EKF, PCFFRLS-EKF, and PCFFRLS-AEKF
algorithms.
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Infroduction

Because of the global warming caused by greenhouse gases and the urban heat island effect, reducing greenhouse gas
emissions has become an important measure to protect the environment [1]. The traditional energy supply has been unable
to meet the social and economic development and people’s needs, and new energy battery technology is a powerful way to
alleviate this problem [2]. To reduce the enormous pressure on the ecological environment caused by the emission of gases
from traditional automobiles, new energy automobiles are gradually recognized by people, and battery technology is the key
point of the development of new energy automobile technology [3]. The demand for power batteries is higher and higher, and
the use of lithium-ion batteries is the most extensive.

There are many methods to estimate the state of charge of batteries, such as ampere-hour method, open-circuit voltage
method [4], internal resistance method, discharge experiment method, neural network method, and Kalman filtering method.
The ampere-hour method [5], also known as Coulomb counting method, is a small computational effort. It calculates the
battery charge status only by using the integral link. It is the most commonly used method to estimate state of charge. This
method considers the measured current as a cell, integrates it to get the released or absorbed power of the battery, and subtracts
the integrated power from the initial power to get the state-of-charge value of the battery. Open-circuit voltage method is a
common method to calculate battery state of charge [6]. Battery state of charge is estimated from the open-circuit voltage
measured by the instrument when the battery is open. This method is more accurate than the time integral method, but the
estimation time limit is more stringent than the time integral method, which requires that the battery be stationary for a longer
time.
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The principle of estimating the battery state of charge using the Kalman filtering algorithm [7] is the ampere-hour integration
method. The voltage is measured by instruments or meters, and the calculation data of the former is corrected using a filtering method.
The Kalman filtering is a tracking method based on real-time data. Using the Kalman filtering to estimate battery state of charge
requires creating a suitable circuit model, which is more accurate than other methods and can better reflect the dynamic performance
of the battery. The Kalman filter is only applicable to linear systems. When the system is nonlinear and can be approximated by
linearization, the extended Kalman filter [8] is a good choice for state estimation, but its estimation results have large errors because
the noise effects in the actual process are ignored. To reduce this error, an adaptive filtering method is added to the extended
Kalman filtering algorithm. The adaptive extended Kalman filtering algorithm [9] estimates and corrects the process and
measurement noise of the system by comparing the final estimates with the predictions. At the same time, process noise and
measurement noise of the system is estimated and corrected, and average estimation and covariance are adjusted to reduce the
impact of noise [ 10] on state-of-charge estimation, to obtain higher accuracy of state-of-charge estimation results. In recent years, many
advanced SOC estimation methods have also emerged. For example, unscented Kalman filter (UKF), cubature Kalman filter (CKF),
and BPNN algorithm optimized by artificial intelligence. The UKF algorithm avoids solving the Jacobian matrix [11], but its
parameter selection problem has not been completely solved. The CKF algorithm overcomes the divergence or precision
degradation of UKF in high-dimensional state space [12], but the estimation accuracy is not high due to the uncertainty of prior
noise. BPNN [13] algorithm has poor estimation accuracy when dealing with dynamic current changes.

The state-of-charge estimation largely depends on the equivalent model [14] established for battery characteristics. To
improve the accuracy of parameter identification of the battery models, it is necessary to adopt an appropriate parameter
identification algorithm. The commonly used parameter identification methods can be divided into offline and online methods.
The forgetting factor recursive least square algorithm [15—17] is a commonly used parameter identification method, which
improves the data saturation problem of the recursive least square algorithm when identifying time-varying parameters.

The changing pattern of the output response of the control system after the end of the transition process is called the steady
state. The steady-state error is the difference between the expected steady-state output and the actual steady-state output. The
higher the steady-state error of the control system, the higher the control accuracy. This error cannot be completely eliminated,
which can only be reduced by selecting high-precision components and improving the system gain value. The general
parameter identification method does not consider the factors of system steady-state error, which leads to inaccurate parameter
identification results. The accuracy of the model is determined by the error value between the real voltage and the real-time output
voltage of the model. In this paper, considering the inevitable steady-state error, an improved proportional control forgetting
factor recursive least squares algorithm is proposed to identify the parameters of the second- order RC equivalent circuit model.
This algorithm improves the forgetting factor recursive least square algorithm and uses the proportional control forgetting factor
recursive least square algorithm to identify the algorithm. The proportional control is added to the algorithm to reduce the steady-
state error and improve the accuracy of model parameter identification. At the same time, use the Monte Carlo method to
optimize the adaptive extended Kalman filtering algorithm to estimate the state of charge of lithium-ion batteries. This method
reduces the effect of real noise by a large number of resampling, making the state-of-charge estimation more accurate and reliable.
The estimation accuracy of the algorithm is further improved.

Mathematical analysis
Second-order RC model

When estimating the state of charge of lithium-ion batteries, it is necessary to establish an appropriate equivalent model. The
most commonly used equivalent circuit model in engineering applications is simple in structure and can well reflect the battery
characteristics [18]. The equivalent circuit models are mainly divided into the Pint model, the Thevenin model [19], and the
second-order RC model. The Pint model has the simplest structure, but it often fails to reflect the battery characteristics [20]. Based
on the Pint model, the Thevenin model considers more comprehensive factors and increases the polarization capacitance and
resistance to better reflect the operating characteristics of batteries. The second-order RC model [21] can better reflect the battery
characteristics, which reflects the ohm internal resistance of the battery through the resistance Ry, while the polarization reaction
in the battery is represented by two RC parallel circuits. Therefore, the second-order RC model is selected according to the above
judgment that is shown in Fig. 1.
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Fig. 1 Second-order RC equivalent circuit model
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The parameters should be identified with the second- order RC model, including the ohmic internal resistance Ry, and the
polarization resistance R and R, the polarization capacitance C; and C,. U; and U, are the voltage obtained when the
resistance R and R current is /. U, is open circuit voltage, and U, is output terminal voltage. The expressions for the voltage
and current of the equivalent circuit obtained from the Kirchhoff voltage law are shown in Eq. (1).
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The output voltage and current can be obtained through the HPPC test [22]. Using the knowledge of modern control theory,
the equivalent circuit model can be discretized [23]. The discrete state equation can be obtained as shown in Eq. (2).
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For lithium-ion batteries, the state of charge of the battery refers to the amount of electricity left in the battery at the
current moment, which is an important part of the battery management system [24, 25]. The value of the battery state of
charge is related to the charge—discharge times and charge—discharge current of the battery during use. The calculation is
expressed numerically as the ratio of the remaining battery power to the rated capacity of the battery. Combined with the
state-of-charge definition, the discrete state-space equation can be obtained as shown in Eq. (3).
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The discrete initial state equation can be obtained as shown in Eq. (4).
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wherein Ak is the sampling time interval, 7; = R|C; and 72=R»C>. w is the state error, and v is the measurement error,
which are the zero-mean white noises of the covariance matrices Q and R, respectively.

Parameter identification

The estimation of the state of charge largely depends on the equivalent model established for the characteristics of the battery
[26]. In order to improve the accuracy of the parameter identification of the battery model, it is necessary to adopt an



appropriate parameter identification method. Parameter identification methods are divided into online and offline parameter
identification methods. For offline parameter identification methods [27], the internal parameters of the battery are obtained
by fitting the battery characteristics curve. The parameters are solidified in the battery model and cannot change with the aging
of the battery, temperature, and other factors [28, 29]. The online parameter identification algorithm can identify the time-
varying parameters online, which can effectively solve the problem of offline parameter identification [30, 31].

Forgetting factor recursive least square algorithm

The forgetting factor recursive least square (FFRLS) algorithm is a commonly used parameter identification method [32].
The forgetting factor is introduced to reduce the influence of previous data on the current calculation and avoid the problem
of data saturation [33]. The principle of the forgetting factor recursive least square algorithm is to use the identification
results of the previous moment and the system input and output values of the current moment to recursively deduce the
system parameters that need to be identified at the current moment [34, 35]. When the for- getting factor recursive least
square algorithm is used for parameter identification, the expression of terminal voltage prediction error is expressed as
shown in Eq. (5).
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wherein y(k) is the true voltage at time k and #(k)OA(k—1) is the is predict the voltage at time £.

Improved proportional control forgetting factor recursive least square algorithm

Since the model accuracy is determined by the real voltage and the real-time output voltage error value of the model and
considering the non-eliminating steady-state error under dynamic conditions, a proportional control link is added based on
the forgetting factor recursive least square algorithm to reduce the steady-state error. The corrected erroris brought into the
system to obtain a more accurate real-time output voltage of the model, and then more accurate model parameters are
obtained to improve the parameter identification accuracy. The system equation of the proportional control forgetting factor
recursive least square (PCFFRLS) algorithm is shown in Egs. (6) to (9).

The identified parameter expression is shown in Eq. (6).
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wherein (k) is the estimated value of identification parameters at the current time, ¢(k) is the system input, and y(k) is the
system output.

The algorithmic gain matrix is shown in Eq. (7).
K (k) = P(k—1)¢(k) [A + ¢T (k) P(k — 1]<b(k)]_1 ()

wherein A is the forgetting factor. The forgetting factor is the weight ratio of the previous moment to the next moment. When
the newly added data cannot correct the identification results normally, it is necessary to reduce the weight of the old data and
increase the role of the new data. The algorithm has the ability to respond quickly to the change in input process characteristics.
The value range of ,7is 0 < 1< 1. In this paper, L = 0.99.

The covariance matrix is shown in Eq. (8).
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After adding the proportional control link, the system error expression is shown in Eq. (9).

e(k) = y(k) — o(k)0(k — 1) + P(y(k) — Us) (9)

wherein Uy is the real-time output voltage of the model at time & and P is the proportional gain coefficient. Properly increasing
the proportional gain coefficient can ensure the tracking ability of the system to the given signal. When the proportional gain
coefficient is too large, the stability of the system will deteriorate and even lead to system instability. After program code
debugging, when the proportional gain coefficient is between 1 and 5%, the result is good. In this paper, P =0.004.

OCV-SOC curve fitting

There is a certain mathematical relationship between the open circuit voltage (OCV) of lithium-ion batteries and the state of
charge. The ternary lithium-ion battery with a rated capacity of 70Ah and an actual capacity of 62.76 Ah was selected for the
experiment. With BTS200-100-104 battery test equipment as the experimental platform, the lithium-ion battery was tested by
HPPC [36]. The experimental steps were as follows: first, the battery was fully charged in astandard constant current and
constant voltage manner [37]; the battery was left for 10 min; 1C was discharged for 10 s in a constant current manner; hold for
40 s; charge at a constant current of 1C for 10 s; shelve. The interval between 10 SOC pulse cycles with SOC of 1, 0.9, 0.8...
0.2, 0.1 is 40 min.

Through the analysis of state of charge and corresponding open circuit voltage [38, 39] based on the data obtained from
HPPC experiment, the specific values of the open-circuit voltage in the equivalent circuit model used when the state of

charge is in different stages are obtained. The SOC and OCV data under HPPC test are shown in Table 1.

Table 1 SOC and OCV data under HPPC test

soC 0OCV(V)
1 4.1892
09 4.0531
08 3.9388
0.7 3.8352
0.6 3.7236
05 3.6520
04 3.6166
03 3.5869
02 3.5258
0.1 34523

The functional relationship between SOC and OCV can be obtained by the data fitting method, and the positive
correlation between SOC and OCV can be roughly obtained by experimental data. The power of the function is positively
related to the fitting accuracy, but the higher the power, the greater the amount of calculation, which requires a balance
between the accuracy of the fitting and the amount of calculation. Under this experimental condition, the curve is fitted
by a sixth-order polynomial. The mathematical relationship between OCV and SOC is shown in Eq. (10).

OCV (S) = 36.398% — 116.28° + 140.55* — 79.278%+

9 (10)
21.0758° — 1.8545 + 3.514

The OCV-SOC fitting curve is shown in Fig. 2.
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When the order of fit is too low, the curve does not better reflect the relationship between SOC and OCV. When the order
of fit is too high, oscillation will occur, which will affect the accuracy. Figure 2 shows that the sixth-order fitting curve can
effectively reflect the relationship between SOC and OCV. Through this curve, the SOC of lithium-ion batteries can be
calculated from OCV.

Extended Kalman filtering

Kalman filtering is a method suitable for working in linear state systems [40]. The principle of the Kalman filtering is to
obtain the optimal estimation of the state variables at the current time of the system by using the estimates from the
previous moment and the measurements from the current moment, including two steps of prediction and analysis [41,
42]. Because the Kalman filtering only considers the time domain and not the frequency domain, the estimation is simple
and effective. Since the Kalman filtering is only applicable to linear systems, non-linear systems do not perform well.
Therefore, in order to make a series of algorithms that can be used in the field of non-linear systems, after continuous
research, some scholars have proposed the extended Kalman filtering algorithm [43, 44]. The extended Kalman
filtering algorithm converts a non-linear system [45] into a linear system using a Taylor formula. The state space equation
of the nonlinear discrete system is shown in Eq. (11).

{-Tk+1 = f(zr, up) +wy (1)
/

Y = g (Tr, ur) + vr

wherein x; is the value at time k of the system, yx is the measured value at time k of the system, u; is input. wy is the state
error, and vy is the measurement error, which are the zero-mean white noises.

The state vector of the system is shown in Eq. (12).

{ zx, = (SOCy, Uk, Ung)" .
!
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Combining Egs. (3), (4), and (11) can calculate (13).
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To simplify the above equations, the simplified equation is shown in Eq. (14).
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The specific process of the extended Kalman filtering algorithm is:
1. Initialization:
{ ‘ig = E(l‘g) (1 5)
Py =E[(zo — &g )(z0 — #5)"] )
2. Updating state variables:
&y = f(&_q,ur1) (16)
3. Updating mean square estimate:
P;; = AAk—IPktlA”:_l + QL an
4. Calculating Kalman gain:
— — i D= -1 |
L; = P7C,(CxP;Cy, + Ry) (18)
5. Optimal estimation of state variables:
i = o), + Gelyr — 9(3 ur)| (19)
6. Optimal estimation of mean square estimation error:
P} =(1-GC)P, (20)

7. Determine whether k can be stopped. If not, add 1 to kand return to step (2) until it stops.

Adaptive extended Kalman filtering

In order to reduce the error caused by the extended Kalman filtering algorithm ignoring the influence of noise in the actual
process [46, 47], the adaptive extended Kalman filtering algorithm [48] estimates and corrects the process and measurement
noise of the system by comparing the final estimates with the predictions. At the same time, process noise and
measurement noise of the system is estimated and corrected, and average estimation and covariance are adjusted to reduce



the impact of noise on state-of-charge estimation, so as to obtain higher accuracy of state-of-charge estimation results.

The calculation process of noise variable is shown in Egs. (21) to (24).
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In Eq. (21), g4 is the system state noise, x}, is the state of the system at time k, A4 is the system state transition matrix, and B is
the control matrix. In Eq. (22), Oy, is the covariance matrix of system state noise, y, . is the state observation measurement,
and G is the noise driven matrix. P ;, ¢ is the error covariance matrix of initial prediction. In Eq. (23), 4, is the system
observation noise, and C is the system measurement matrix. In Eq. (24), R,,; is the covariance matrix of system
observation noise.

Due to the accidental error in the measurement, in order to more accurately characterize the impact of noise, this paper
uses weighting coefficients [49, 50] to reduce the weight of noise at time k, and its calculation formula is shown in
Eq. (25).

1-b

dk = 1_bk+1

(25)

wherein b is the forgetting factor. In practical apﬁlicati'ons, the smaller the value of b, the smaller the impact of the previous
moment. However, a small value of 5 will cause the estimated noise to fluctuate. If the value of b is too large, the impact of the
previous moment will be too large. Therefore, the value can be taken according to the specific situation. In this paper, b = 0.98.

After correction, the noise matrix calculation formula is shown in Egs. (26) to (29).

g1 = (1 — di)gi + diG(2111 — ATy, — Buy,) (26)
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The specific process of the adaptive extended Kalman filtering algorithm is:

1. Calculating the system state and error covariance matrix at time k:



Tk = AZg + Buy, + gy, (30)

Py = APRAT +Qy (31)

2. Calculating the Kalman gain:

PraxCT
Kp=——1" (32)
CP 1 nCT + Ry
wherein Ry, is the measurement noise, C' = % -1 -1
3. Calculating the system error covariance matrix at k+ 1 time:

Tpr1 = Ykt — (CZpqapp + Dug) — 7y, (33)
Tr = T + Kifpn (34)
Py = (E — KiC)Pyyp (35)

4. Updating noise g, 7, Or Ri, as shown in Egs. (26) to (29).

Monte Carlo method

The Monte Carlo method is also called the statistical simulation method. It is a numerical simulation method that takes
probability phenomenon as the research object. It is the calculation method of estimating an unknown characteristic quantity
by obtaining statistical value according to the sampling survey method. This method is suitable for computing and simulating
discrete systems. The basic approach of Monte Carlo is to estimate the probability through a large number of repeated tests and
statistical frequency, so as to get the solution to the problem. In general, the characteristic of the Monte Carlo method is that
the more samples, the more approximate to the optimal solution, but never the optimal solution. The problems with statistical
properties can be solved directly, and the continuous problems need not be discretized.

There is noise in the system, which is reduced through an adaptive process. During the calculation, the SOC value is related
to the noise. Through the Monte Carlo method, the real SOC is resampled many times, and its results are averaged. It is
considered that the SOC is the optimal solution, that is, the real value of SOC. In the process of SOC estimation, to reduce
the impact of random noise on the estimation results, the SOC at each time is sampled 1000 times of repeated estimation.
Finally, calculate the average value of 1000 samples at each time as the final approximate estimate of SOC at that time. The
approximate estimate of SOC at each time is shown in Eq. (36).

1000

_Z m}cf}
=1
1000

(36)

I —

wherein ;}{ is the estimated value of SOC at time £.

Because the AEKF algorithm considers the influence of real noise, its adaptive link reduces the influence of noise in the SOC
estimation process, and the Monte Carlo method can further reduce the influence of random noise on the estimation results.
At the same time, it also reduces the influence of the inaccuracy of the prior estimation on the posterior estimation. Using the
improved proportional control forgetting factor recursive least square algorithm for parameter identification can improve the
accuracy of identification results. But due to the existence of system noise, it will still have an impact on the accuracy of state-
of-charge estimation, while the Monte Carlo adaptive extended Kalman filtering algorithm can effectively improve the
accuracy of state-of-charge estimation due to its adaptive filtering method and strong ability to suppress noise. The framework
diagram of lithium-ion battery state-of-charge estimation using two algorithms is shown in Fig. 3.
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Fig. 3 SOC estimation framework of PCFFRLS-MCAEKF

First, the voltage, current, and other data of lithium-ion batteries under working conditions are measured through
experiments, and the battery model parameters are identified based on an improved forgetting factor recursive least square
algorithm to obtain the relevant parameters of the model. Then the parameters are transferred to the adaptive extended Kalman
filtering algorithm, and the system state, gain matrix, and covariance matrix are calculated by combining the voltage and
current data to estimate the state of charge. Finally, the final SOC estimate is obtained by updating the SOC estimate through
the Monte Carlo process.

Experimental verification
In order to verify the superiority of PCFFRLS-MCAEKF algorithm, this paper uses FFRLS and PCFFRLS algorithms to

determine lithium-ion battery parameters based on the second-order RC equivalent circuit model. Verify the accuracy of
parameter identification and state-of-charge estimation under HPPC and BBDST working conditions.

HPPC condition

The voltage comparison diagram of different parameter identification algorithms under HPPC working conditions is shown
in Fig. 4.
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Fig. 4 Voltage comparison under HPPC working condition

Comparing the model output voltage of FFRLS and PCF- FRLS, the model output voltage of PCFFRLS is closer to the
real value. At the initial stage, the PCFFRLS algorithm has a large error, which is caused by the initial parameter setting, but
it is still better than the FFRLS algorithm. With the iteration of the algorithm, its error gradually decreases. In the intermediate
stage, the PCFFRLS algorithm corrects the model’s real-time output voltage to make it closer to the true voltage by reducing
the current time error due to the unavoidable influence of the steady-state error in the actual situation. Root mean square
error and mean absolute error are selected as evaluation indexes in this paper. The error comparison of different parameter
identification algorithms is shown in Table 2.

Table 2 Error comparison
Algorithm RMSE/V MAE/V

FFRLS 0.01295  0.00023
PCFFRLS 0.01031  0.00011

According to the data comparison in Table 2, under HPPC condition, the mean square root error and mean absolute error
of PCFFRLS algorithm are smaller than FFRLS algorithm. This shows that PCFFRLS algorithm has higher accuracy and
stability, and can effectively improve the accuracy of parameter identification.

The model parameters identified by FFRLS and PCF-FRLS algorithms were replaced with HPPC condition data, and
SOC accuracy was verified using EKF, AEKF, and MCAEKEF algorithms. The comparison of SOC estimation results and
the comparison of SOC estimation errors of different algorithms are shown in Fig. 5.
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Fig.5 SOC comparison under HPPC working condition



Compared with the SOC estimation results of different algorithms, AEKF algorithm is more stable and closer to the true
value than EKF algorithm. This is because the EKF algorithm ignores the noise in the discharge process, and the cumulative
error of noise makes the SOC estimation error increase. MCAEKEF algorithm has smaller error than AEKF algorithm, and its
SOC estimation accuracy is higher. In the process of lithium battery SOC estimation, MCAEKEF algorithm obtains the expected
SOC estimation value by continuously correcting the noise through 1000 resamples of the real noise, reducing the impact of
noise on the estimation accuracy. The SOC estimation error of the PCFFRLS-EKF algorithm is smaller than that of the FFRLS-
EKF algorithm, because the PCFFRLS algorithm has better parameter identification results and higher model parameter
accuracy.

Table 3 shows the comparison of SOC estimation errors of different algorithms. Under HPPC working conditions, the
root mean square error and average absolute error of PCFFRLS-MCAEKF algorithm are the minimum. The root mean
square error of PCFFRLS-MCAEKEF algorithm is reduced by 1.275%, 0.687%, and 0.549% compared with FFRLS-EKF,
PCFFRLS-EKF, and PCFFRLS-AEKF algorithm, and the average absolute error is reduced by 0.71%, 0.537%, and 0.11%.
It can be seen that PCFFRLS-MCAEKF algorithm can estimate the state of charge of the lithium-ion batteries more accurately.

Table 3 Comparison of SOC estimation errors of different algorithms
of different parameter identification algorithms

Algorithm RMSE MAE

FFRLS-EKF 0.02997 0.02421
PCFFRLS-EKF 0.02409 0.02248
PCFFRLS-AEKF 0.02271 0.01821
PCFFRLS-MCAEKF 0.01722 0.01711

BBDST condition

The voltage comparison diagram of different parameter identification algorithms under BBDST working conditions is shown
in Fig. 6. The error comparison of different parameter identification algorithms is shown in Table 4.
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Fig. 6 Voltage comparison under BBDST working condition

Table4 Error comparison Algorithm RMSE/V MAE/V
of different parameter
identification algorithms FFRLS 0.02479  0.01995

PCFFRLS 0.01983  0.01596




According to the data comparison in Table 4, under BBDST condition, the mean square root error and mean absolute error
of PCFFRLS algorithm are smaller than FFRLS algorithm. The comparison of SOC estimation results and the comparison of
SOC estimation errors of different algorithms are shown in Fig. 7.
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Fig. 7 SOC comparison under BBDST working condition

Table 5 shows the comparison of SOC estimation errors of different algorithms. Under BBDST working conditions, due to
the influence of random noise in the actual process, the error of EKF and AEKF algorithms is large. However, the influence
of random noise on the estimation result is reduced through the Monte Carlo process, which shows that the Monte Carlo process
can improve the accuracy of SOC estimation.

Table5 Comparison of SOC estimation errors of different algorithms

Algorithm RMSE MAE
FFRLS-EKF 0.04445 0.03937
PCFFRLS-EKF 0.02643 0.02448
PCFFRLS-AEKF 0.03569 0.02823
PCFFRLS-MCAEKF 0.01751 0.01711

According to the comparison data, the root mean square error and average absolute error of the PCFFRLS-MCAEKF
algorithm are the minimum. The SOC estimation result of the PCFFRLS-MCAEKEF algorithm is closer to the real SOC, which
is consistent with the result obtained under HPPC working conditions. It can be seen that the PCFFRLS- MCAEKEF algorithm
can estimate the state of charge of the lithium-ion batteries more accurately.

Conclusion

In view of the problem that the system has inevitable steady-state error under dynamic conditions, this paper added a
proportional control link based on the forgetting factor recursive least square algorithm and proposed an improved
proportional control forgetting factor recursive least square algorithm. This method reduces the steady-state error through
a proportional control link. The corrected errors are fed back to the system to obtain a more accurate model real-time
output voltage, which leads to more accurate model parameters. This method improves the accuracy of parameter
identification. Based on the second-order RC equivalent circuit model, FFRLS and PCFFRLS algorithms are used for
parameter identification, respectively, and the identification results are transferred to EKF, AEKF, and MCAEKEF algorithms
for high-precision SOC estimation. The Monte Carlo method can further reduce the influence of random noise on the
estimation results. Through simulation comparison, under HPPC and BBDST conditions, the parameter identification
accuracy of the PCFFRLS algorithm is higher than that of the FFRLS algorithm. The PCFFRLS-MCAEKEF algorithm has
higher SOC estimation accuracy than FFRLS- EKF, PCFFRLS-EKF, and PCFFRLS-AEKF algorithms. PCFFRLS algorithm
improves the accuracy of parameter identification, and the PCFFRLS-MCAEKF algorithm improves the accuracy and
robustness of state-of-charge estimation for lithium-ion batteries.
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