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ABSTRACT. Power battery state estimation is the cornerstone of BMS (Battery Manage-
ment System), and active balancing technology is the core function of BMS. The accuracy
of state estimation is limited by the accuracy of the model. To improve the accuracy of
state estimation, the solid-state diffusion in the electrochemical mechanism is considered
to update the open-circuit voltage, and a high-precision battery model is obtained. Next,
the applicability of three estimation algorithms is compared, and joint estimation of SOC
(State of Charge) and SOH (State of Health) is achieved based on the high-precision
model and dual-capacity Kalman filtering, and the effect of model improvement and algo-
rithm optimization is simulated and verified under multiple dynamic working conditions.
Finally, a “peak shaving and valley filling” parallel balancing strategy is formulated using
battery SOC as the variable, and simulation is conducted on a bidirectional flyback con-
verter balancing system for four single cells under different degrees of imbalance with a
discreteness value of 10%. The results show that battery state estimation based on a high-
precision model can effectively reduce estimation errors throughout the full SOC range
and improve inconsistency among the cells in the battery pack with the active balancing
technology.

Keywords: Power battery, BMS, Electrochemical mechanism, Dual-capacity Kalman
filter, Bidirectional flyback converter

1. Introduction. With the increasing global attention and concern for environmental
issues in recent years, the development of electric vehicles has reached a climax. However,
the efficiency and safety of the power battery, as the core power source, have attracted
market attention. Therefore, more and more scholars are involved in the research of battery
management system. The battery state estimation, as the core and foundation of the
system, and the battery pack balancing technology that relates to safety and efficiency
become the main topics of this research.

With the rise of new energy vehicles, the battery management system has always played
an important role. In the long process of updating and iterating the battery management
system, the battery SOC estimation and balancing technology have been gradually opti-
mized and improved, making BMS better able to meet production and market demand.
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In the early stage, the commonly used methods for battery SOC estimation were ampere-
hour integration or open circuit voltage method, but they were gradually replaced by new
methods due to their poor accuracy and implementation difficulties. In 2015, Fan et al. [1]
combined these two traditional methods and solved the problem of inaccurate initial value
of ampere-hour integration. Although this method has improved the accuracy, it requires
higher accuracy of open circuit voltage measurement. In 2016, Shi et al. [2] estimated
battery SOC with extended Kalman filter based on Thevenin battery model. In 2018,
Gao et al. [3] compared EKF and UKF and proposed the unscented Kalman filter algo-
rithm with better convergence and higher accuracy for estimating battery SOC. In the
same year, Xie et al. [4] used the unscented particle filter theory to estimate battery SOC,
but the particle filter is sensitive to disturbances and has poor robustness. Furthermore,
in 2019, Wang et al. [5] used the SSRCKF algorithm to estimate battery SOC, further
improving the robustness of the system. The above adaptive SOC estimation methods
based on battery models have shown more accurate results with the optimization of al-
gorithms [6], but they greatly rely on the accuracy of the battery model. In recent years,
the application of big data models has developed in various forms. In 2021, Cao et al. [7]
implemented the battery SOC estimation under multiple complex operating conditions
based on the NARX neural network improved by the enhanced cuckoo search algorithm.
In 2023, Hu et al. [8] proposed the battery SOC estimation combining gated recurrent unit
neural network with EKF. From the research results, neural network models have played a
huge advantage in battery SOC estimation. However, due to the high computational and
maintenance costs of this method, it has not been used in the actual application of power
battery state estimation. In summary, considering accuracy, robustness and applicability,
model-based adaptive algorithms are better suited to solve the problems of the current
battery management system. To further improve this method, we focus on the influence
of battery aging and model accuracy, and propose a high-precision battery model based
on the improved equivalent circuit model of electrochemical mechanism, and combine
double-capacity Kalman filtering to achieve battery SOC-SOH estimation and real-time
updates of usable battery capacity. In addition, the battery pack balancing management
technology is also constantly developing. In the 1990s, the resistance shunt method was
used to achieve balancing management, including Lindemark in 1991 [9] and Kutkut and
Divan in 1996 [10]. However, by 2013 and 2015, Xu et al. [11], and Tang [12] realized bal-
ancing through the design of a switch resistance balancing topology. This method reduces
balancing loss, but still belongs to passive balancing. To improve the efficiency of battery
pack balancing, in 2016, Feng et al. [13] proposed a capacitance active balancing circuit
that regulates controllable switches to transfer energy between batteries. Considering the
limitations of capacitance balancing, in 2018, Wang [14] and Zhu [15] studied transformer
balancing topology, which has a large current and high efficiency, but also has a large
spatial volume. In 2019, Qays et al. [16] designed an Any-Cells-to-Any-Cells balancing
topology based on the Buck-Boost circuit, which has a small spatial volume but slow bal-
ancing speed. Therefore, in 2021, Zhu et al. [17] once again designed an active balancing
system based on bidirectional flyback transformer balancing to further reduce the loss
of unidirectional transformer balancing and avoid electromagnetic interference. Although
it still has the disadvantage of slightly larger volume, considering balancing efficiency
and reliability, this balancing structure is deemed more suitable for efficient balancing in
battery management systems. In recent years, solutions that integrate active and pas-
sive balancing have also been proposed, such as Liu et al. [18] in 2022, who proposed an
adaptive selection strategy for active and passive balancing, and Liao et al. [19] in 2023,
who proposed a time optimization algorithm for active and passive balancing. However,
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these solutions have shortcomings such as poor reliability, high cost, and lack of compact-
ness. After evaluation, bidirectional flyback converter is more suitable for the balancing
requirements of power battery packs, so this research is based on this solution.

Based on this, we will use a high-precision model and double-capacity Kalman filtering
to jointly estimate SOC-SOH, and use bidirectional flyback converter to implement active
balancing management for battery packs. The first part of this paper analyzes the current
research status and analysis of battery SOC estimation and balancing technology. The
second part establishes a high-precision battery model. The third part conducts electrical
characteristic experiments and model parameter identification. The fourth part uses the
high-precision model and double-capacity Kalman filtering for state estimation. The fifth
part researches on active balancing management based on bidirectional flyback converter.
Finally, the last part is the conclusion and outlook of our research.

2. Establishment of High-Precision Battery Model. Combining practical applica-
tion scenarios and target requirements, the electrochemical mechanism model can char-
acterize the internal electrochemical reaction characteristics and is considered a high-
precision battery model. Currently, the most accepted model is the quasi-two-dimensional
model based on the porous electrode structure (P2D model). However, this model is com-
putationally complex and is not suitable for electric vehicles. Figure 1 shows the working
process of the power battery explained by the P2D principle, where = represents the direc-
tion of lithium-ion liquid-phase diffusion in the macroscopic dimension, and r represents
the direction of lithium-ion solid-phase diffusion inside the electrode in the microscopic
dimension. Macroscopically, there is charge transfer and double layer formation at the
electrode solid-liquid interface, SEI film and membrane voltage drop of lithium ion, and
concentration polarization caused by the difference in lithium-ion transfer speed between
internal and external regions. Microscopically, lithium ions diffuse from the center of the
electrode to the surface. However, according to the equivalent circuit model, the output
electromotive force of the power battery can be expressed as Equation (1), where Uj, is
the terminal voltage, Upcv is the open circuit voltage, and SOC,,, is the average SOC of
the battery. U, is the ohmic polarization voltage, Uy is the double-layer polarization
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FIGURE 1. Schematic diagram of battery structure and working process
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voltage, and U,,,. is the concentration polarization voltage. The polarization reaction at
the electrode has a cumulative effect on the terminal voltage, and the SEI film has a
high response frequency. The second-order RC model can characterize the electrochemi-
cal reaction of the battery at the macro level. Therefore, the equivalent circuit model is
commonly used as an engineering battery model.

UL - UOC’V (SOCavg) - Uohm - Udl - Uconc (]-)

Based on this, the present study considers the reaction mechanism at the microscopic
level and establishes a high-precision battery model. According to the solid-phase diffu-
sion mechanism, the actual lithium ion concentration participating in the electrochemical
reaction is the surface concentration of the electrode, not the average concentration. Equa-
tion (2) represents the macro manifestation of the surface lithium ion concentration, i.e.,
the surface SOC, where C; 4, represents the surface lithium ion concentration involved
in the reaction during electrode operation, and Cj ,ax represents the internal lithium ion
concentration of the electrode when the battery is fully charged. ¢ = n or s represents
the positive and negative electrodes, respectively.

Ci,surf - Ci,lower
SOCSW"f B C12',max <2)
The surface SOC of the battery can be calculated using Equation (3), where ASOC' is the
macroscopic manifestation of diffusing lithium ion concentration, and its electrochemical
model formula is a complex partial differential equation. Therefore, it can be simplified
using a linear approximation of a four-parameter sixth-order polynomial, as shown in
Equation (4).
SOCsys = SOCqg — ASOC (3)
ASOC = Ry (1 — exp(—t/Tsa1)) + Rsaolf(1 — exp(—t/Tsaz)) (4)
In this equation, Rsg1 2 and 7y 2 represent the fitting coefficients of linear approxima-
tion for solid-state diffusion, while I; represents Faraday current related to double-layer
polarization, which can be determined by Iy = Ug/Rcr. With the improvement of the
solid-state diffusion mechanism, the output electromotive force of the battery can be
represented by Equation (5).

UL = UOC’V(SOOsqu) - Uohm - Udl - Uconc (5)

At this point, the open-circuit voltage is obtained by looking up the SOC,,; table, while
the double-layer polarization voltage and concentration polarization voltage are calculated
through a second-order RC model. Therefore, this study incorporates liquid-phase diffu-
sion polarization based on the work of Liu et al. [20] and establishes an Electrochemistry-
based Equivalent Circuit Model (EECM), as shown in Figure 2, which includes important
parameters to be identified, as listed in Table 1, where I represents the current source,
Uocv(SOCy,s) represents the open circuit voltage based on SOC,,s, and ASOC, and
ASOCs represent the two components of SOC change during solid-phase diffusion process.

3. Experimental and Parameter Identification. According to statistics, the global
number of electric vehicles equipped with ternary lithium batteries far exceeds 33 million
units. Meanwhile, taking account of the maximum charge and discharge current of the
charger, this study selected ternary lithium batteries with a capacity of 3.4 Ah and a
nominal voltage of 3.7 V as the experimental object. The equipment used was a Neware
battery testing system with an accuracy of within £0.01 A, and the highest data acqui-
sition frequency was no more than 10 Hz. The parameters of the lithium-ion battery to
be tested are shown in Table 2.
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FIGURE 2. The structure of EECM
TABLE 1. Unidentified parameters of the EECM model
Unidentified Parameter description
Rer The Charge Transfer Resistance (CTR)
Cal Double Layer Capacitance (DLC)
Reone Concentration Polarization Resistance (CPR)
Clrone Concentration Polarization Capacitance (CPC)
Rsaq12 The transient resistance of solid-phase diffusion
Csdn2 The transient capacitance of solid-phase diffusion
R/ Rais Discharge/charge ohmic internal resistance

TABLE 2. The performance parameters of the single cell to be tested

Project Parameters
Battery category NCR18650B
Rated capacity (Ah) 3.4
Nominal voltage (V) 3.7
Cutoff voltage (V) charging: 4.2, discharging: 2.75
Maximum charging/discharging current (A) 10/4
DC internal resistance (mS?) 15-30

The experimental equipment cannot accurately obtain an open-circuit voltage curve
using the microcurrent discharge method. Therefore, a constant-current pulse charging
and discharging method was used to obtain the SOC-OCV curve of the battery. Twenty-
one SOC values were recorded and averaged to obtain the actual open-circuit voltage
value. After precision comparison, a ninth-order polynomial fitting (as shown in Equation
(6)) was used to obtain the curve shown in Figure 3. In addition, the experimental HPPC
and DST condition data of the battery were obtained, which can be used as a basis for
identifying model parameters and as a reference for accuracy validation.

f(z) = 5522° — 23542° + 422927 — 417725 + 24952° — 9942 + 234.72° — 39.922
+5.541x 4 3.012 (6)

After comparing various parameter identification methods, considering the large num-
ber of model parameters after improvement, this study used a particle swarm optimization
algorithm for global optimization, with a given fitness function and value range. It should
be emphasized that the open-circuit voltage value at this point is obtained by looking up

the SOC-OCV curve using SOC g,¢, not SOC 4.
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Ficure 3. SOC-OCV fitting curve

In order to verify the universality and accuracy of the battery model, this section further
validated the identified model using the Dynamic Stress Test (DST) condition.

Figures 4 and 5 respectively show the simulation results of the SOC range between
40% and 50% and between 0 and 10% from the entire DST condition. Figures 6 and 7
illustrate the errors in these two ranges. From the simulation results, it is evident that
the ECM model error is far greater than the EECM model error in the SOC range of 0
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FIGURE 4. Comparison of model voltage (SOC = 40%~50%)
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FIGURE 5. Comparison of model voltage (SOC = 0~10%)
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FIGURE 7. Error of model voltage (SOC = 0~10%)

to 10%, whereas the simulation accuracy of both models is similar for the range between
40% and 50%. The main reason for this phenomenon is that polarization intensifies in the
later stage of discharge, and the ECM model does not consider the effect of solid-state
diffusion polarization on the model accuracy.

Based on the above comparative analysis, it is concluded that the accuracy of the EECM
model is superior to that of the ECM model, especially in compensating for the large error
of the ECM model at the end of battery discharge. At the same time, considering the
usage characteristics and cost of power batteries, even if the electrochemical mechanism
model and neural network model show better accuracy advantages, they are still not
suitable for the development of practical power battery management system models due
to their high computational difficulty and cost. Therefore, these models are not adopted
in this study.

4. Battery State Estimation Based on High-Precision Model. As the battery is
a nonlinear time-varying system, estimation algorithms derived from the Kalman filter
include three kinds of nonlinear Kalman filter algorithms: Extended Kalman Filter (EKF),
Unscented Kalman Filter (UKF), and Cubature Kalman Filter (CKF). Compared with
EKF, UKF and CKF are both sampling-based filtering algorithms. However, the UT
transformation used in UKF does not have strong mathematical theoretical support, while
the CKF takes the third-order radial spherical volume criterion as the sampling basis. At
the same time, the reliability of the integration formula is usually evaluated by a reliability
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factor I. As the dimension of the state variable increases, the reliability of UKF becomes
worse, while the reliability of CKF remains at 1. CKF is an excellent filtering algorithm in
terms of applicability, reliability, accuracy, and execution efficiency, especially compared
to UKF in handling high-dimensional systems. The state equation and output observation
equation of the pseudo system can be represented by Equation (7):

{ Tp1 = f(@p, ug) + wi (7)
Y1 = h(zg, ug) + vy

wy, and vy, are respectively process noise and observation noise, both mutually independent
Gaussian white noise. For CKF, the basic idea is to use the third-order radial spherical
volume rule to integrate the n-dimensional integration formula, constructing 2n volume
points as shown in Equation (8), where, & = +/n[l]i, w; = 1/2n, i = 1,...,2n and
[1]i = [1 % In,—1« In], In C Rn is the unit matrix.

In(f)= | f@NG@ 0, I)du ~ ) wif (&) (8)

To apply CKF in battery SOC estimation, firstly, the initialization of initial state value
and covariance Py is done by referring to SOC-OCV curve table. Then, process noise
() and observation noise R are set and used in the Cubature Kalman Filter algorithm
for estimation. Therefore, based on the EECM model, the state variables for estimation
are Tpr1 = (SOCsurs k41 Udiis1; Uconcor1; ASOC jog1; ASOC3 ji11), and the SOC to be
estimated can be obtained by SOC) 11 = SOCuf k11 +ASOC 41 +ASOCy joy1. Wi, @ =
1,2, 3,4, 5 are the noise during the simulation process, and vy, represents the noise during
observation. Considering the effect of internal resistance on battery SOC estimation, a
DCKEF filter is established to estimate the Ohmic internal resistance in real time, in order
to enhance the accuracy of battery SOC estimation.

To demonstrate the comparison of the EECM model and the ECM model under DST
conditions, the SOC estimation effect diagram in the low SOC stage is extracted and
shown in Figure 8. It can be seen from the figure that in the low SOC stage, the advantage
of the EECM model is more obvious. Meanwhile, Figure 9 shows the impact of real-time
estimated internal resistance on battery SOC. It can be seen from the figure that the
real-time updated Ohmic internal resistance makes the estimation model exhibit better
convergence and higher accuracy, with a higher fault-tolerant rate, ensuring the normal
and reliable operation of electric vehicles.
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reference
- —ECM
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@] [
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0.01 1
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FiGUurE 8. Comparison of the estimation effect based on EECM
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5. Bidirectional DC-DC Converter Active Balancing Control. The topology str-
ucture of the bidirectional flyback converter balancing system is shown in Figure 10 and
can be divided into two parts: the yellow part is connected to the primary side of the
transformer, which absorbs energy, while the blue part is connected to the secondary side
of the transformer, which consumes energy. Taking a four-cell battery as an example, we
simulate the designed balancing system. The bidirectional flyback converter can achieve
bidirectional energy transfer from a single cell to another cell and avoid repeated charge
and discharge of the battery, reducing energy loss. Compared with the basic flyback type
balancing topology, it further improves efficiency. The entire circuit structure uses a PWM
signal to control two MOSFET transistors based on the single-ended flyback converter
circuit, and the transformer is used as the symmetry axis to achieve left-right symmetry.
Its operating process is similar to that of the flyback converter.

0do Qdlo pdIl @di2 | Qi3 odl4 |@ils  |@di6

FIGURE 10. (color online) Topology of bidirectional flyback converter balancing

The balance control system requires a threshold to determine when to turn on and
off the balance. Therefore, the more accurate SOC estimated earlier is selected as the
balance variable. The range value § = SOC,,.x — SOC,;, in the battery pack can reflect
the maximum dispersion of the overall electricity, so in this study, ¢ is used as the criterion
for judging the battery inconsistency. Considering the changes in battery performance
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parameters, the starting threshold for balance is set as § > 0.2%, and the closing threshold
for balance is set as 0 < 0.1%. Meanwhile, considering the complex and variable imbalance
conditions, such as the ones shown in Table 3, this study adopts a “peak shaving and valley
filling” parallel balance strategy, as shown in Figure 11.

TABLE 3. Description of the imbalance conditions

Imbalance condition Concrete description

Single high, multiple low  Cellyax > Cellyyg > Celly > Celly > Cellyin
Multiple high, multiple low Cellya > Celly > Cellg,g > Celly > Cellyin

Multiple high, single low  Celly.x > Celly > Celly > Cellyyg > Cellyin
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FI1GURE 11. Battery “peak shaving and valley filling” parallel balancing strategy
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A simulation model was built in the MATLAB/Simulink environment to compare and
verify the “peak shaving and valley filling” parallel bidirectional flyback converter balance
under three operating modes. Four single battery cells were set from the initial 90% SOC
to 80% SOC, and the three types of imbalances mentioned above were simulated. The
simulated system parameters are shown in Table 4.

TABLE 4. Simulation parameter settings for balancing system

Parameter Numerical value
Switching frequency 10 KHz
Turns ratio 1:1:1:1
Primary-secondary coupling inductance 20 uH
Duty cycle 50%

The comparison of the balancing effects between the bidirectional flyback converter and
the basic flyback converter under three operating modes is shown in Figure 12. The bal-
ancing current for both is set at 3.5 Ah. Observing the balancing effect of the bidirectional
flyback converter vertically, regardless of the mode, the system can quickly complete the
balancing within 1200 s for an SOC difference of 10%, compared to the balancing sys-
tem of the basic flyback converter. As shown in Figures 12(a), 12(c), and 12(e) represent
the balancing effect of the bidirectional flyback converter balancing structure under three
modes, while Figures 12(b), 12(d), and 12(f) represent the balancing effect of the single-
ended flyback converter under the same three conditions. It can be seen from the figure
that the balancing time is shortened by 80%, 70%, and 60%, respectively, under the three
different modes. This is because the originally independent “peak shaving” and “valley
filling” operating modes can cause the battery to repeat ineffective energy transfer.

6. Conclusion. By considering the solid-state diffusion polarization in the electrochem-
ical mechanism, the EECM model is improved to enhance the accuracy of the model over
the entire SOC range, especially in the low SOC range. Then, the CKF is used to establish
a DCKEF filter to estimate the battery’s SOC and real-time update the ohmic internal re-
sistance to improve accuracy. Finally, using four single battery cells as an example, a “peak
shaving and valley filling” parallel balancing system based on bidirectional flyback conver-
sion is proposed, and the balance effect is simulated and compared in MATLAB/Simulink,
validating its higher balance efficiency. However, the influence of temperature, an impor-
tant factor affecting the model’s accuracy, is ignored, which results in poor applicability.
Secondly, the research object of the balancing system is small, and the set environment
and conditions are relatively ideal. In practical applications, the influence of factors such
as series-parallel connection method and internal temperature rise needs to be considered.
Therefore, in the next research work, it is possible to further consider the influence of tem-
perature and aging on battery models and state estimation, and analyze the balancing
requirements within and between battery packs to provide practical and feasible battery
state estimation and balancing management solutions for battery management systems.
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