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Abstract: Accurate state of charge (SOC) estimation is essential for the whole-life-cycle safety guarantee and protection
of lithium-ion batteries, which is quite difficult to realize. In this study, a novel weighting factor-adaptive Kalman filtering
(WF-AKF) method is proposed for the accurate estimation of SOC with a collaborative model for parameter identification.
An improved bipartite electrical equivalent circuit (BEEC) model is constructed to describe the dynamic characteristics
combined with the mathematical correction of the time-varying factors. The model parameters are identified online,
corresponding to various SOC levels and temperature conditions. Considering the internal resistances, ambient temperature,
and complex current rate variations, an adaptive multi-time scale iterative calculation model is constructed and combined
with the real-time estimation and correction strategies. The maximum closed-circuit voltage (CCV) traction error is 0.36%
and 0.24% for the main pulse-current charging and discharging processes, respectively. The proposed WF-AKF algorithm
stabilizes the large initial SOC estimation error by tracking the actual value with a maximum error of 0.46% under the
complex working condition. The SOC estimation is accurate and robust to the time-varying characteristics and working

conditions even when the initial error is large, providing a safety protection theory for lithium-ion batteries.

Keywords: lithium-ion battery; whole-life-cycle; state of charge estimation; collaborative bipartite electrical equivalent

circuit model; time-varying characteristics; weighting factor-adaptive Kalman filter
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Highlights

® A novel weighting factor-adaptive Kalman filtering (WF-AKF) method is proposed for the whole-life-cycle

state of charge (SOC) estimation of lithium-ion batteries.

® The improved collaborative bipartite electrical equivalent circuit (BEEC) model is constructed by

considering the time-varying factors.

®  An adaptive multi-time scale model is built with real-time estimation and correction strategies.

® Multiple influencing factors are taken into consideration, including internal parameters, ambient temperature,

and current rate variation.

® The proposed WF-AKF algorithm stabilizes the large initial SOC estimation error by tracking the actual

value with a maximum error of 0.46% under time-varying ambient temperatures, current rates, and complex

working condition.

1. Introduction

Lithium-ion batteries are effective solutions to the wide temperature range energy storage and consumption

problems due to their high energy density, long lifespan, and large output power advantages. The battery system

has wide application potential that can effectively promote the economy and social security [1]. There is a critical

need to realize a reliable battery energy supply and instantancous power output. The state of charge (SOC)

condition influences the battery life cycle and service capabilities, which has become a hot issue [2]. As wide

temperature range reliability research is still in its infant stage, the theory and available technologies cannot meet

the social development requirements. So, the accuracy of the SOC estimation becomes a bottleneck that restricts

economic progress.
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As a complex electrochemical system, an accurate battery equivalent circuit model is quite difficult to establish.

Therefore, effective approaches are proposed to solve these challenges, and experimental methodologies are

discussed for subsequent chemical and physical characteristics, electrochemical dynamics, thermodynamic

analysis, accuracy, and validity [3]. The development of technology faces setbacks due to severe challenges and

a wide outstanding technological level gap that needs improvement to ensure high sustainability [4]. An electrical

equivalent circuit model (ECM) is necessary to obtain the battery characteristics. The mathematical expression is

a prerequisite for reliable SOC estimation, which is conducted for accurate SOC estimation with the state-space

equation of the ECM model [5]. As for the asymptotic reduction and homogenization, a thermo-electrochemical

model is constructed [6]. By building a physics-based model, the SOC estimation is realized by considering the

battery aging characteristics [7]. Continuous modeling is conducted for cyclic aging [8]. Adaptive fusion

estimation algorithms are proposed by considering the wide operating temperature range and degradation [9].

Dynamic ECMs and the differential Kalman filter are investigated under time-varying conditions [10]. A time-

domain ECM is conducted using low-frequency electrochemical impedance spectroscopy [11]. An investigation

of capacity fading model is conducted when the battery is cycled at different SOC levels [12]. Consequently, the

enhanced ECM is used for the charging redistribution and temperature variation, in which the parameter

identification is investigated by considering the electrochemical characteristics.

The battery’s behavior is expressed with mathematical expressions using circuit elements, including voltage,

current, resistances, capacitances, and inductances [13]. The electrical ECM is also combined with the simplified

electrochemical model by introducing a concentrated structure to realize the state-space equation [14]. This

modeling type includes electronic components and circuits so that the system-level design and physical modeling

parameters are intuitive, according to which an improved cuckoo search particle filter is used for the SOC

estimation [15]. The co-estimation of SOC and state of temperature (SOT) is realized with a hybrid thermal
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electrochemical neural network model [16]. Based on the modeling characteristic analysis, an ECM is constructed,

and the thermal behavior is described by a state-space equation.

The model parameter identification is conducted to explore the global optimization strategies. Model-based

state estimation is conducted, and the corresponding parameters are identified by conducting hybrid pulse- power

characterization (HPPC) tests [17]. The parameter identification problem is overcome with an electrochemical

model by constructing adaptive observers [18]. Afterward, the demonstration is applied to the battery cells,

including the SOC estimation conducted by the extended Kalman filter [19]. The SOC estimation is also

conducted by building an intelligent adaptive extended Kalman filter with an improved noise estimator [20]. The

global optimization methods are analyzed comparatively for model parameter identification [21]. The parameter

sensitivity is evaluated, and the coupling model is built for the cyclic SOC estimation to obtain the degradation

status [22]. Based on the relationship between the current rate and terminal voltage, improved resistor-capacitor

circuits are used to express the internal characteristics with the voltage hysteresis.

After the model is built, it is necessary to conduct parameter identification for the model. Real-time entropy

estimation based on a Kalman filter is conducted when it is combined with a nonlinear observer [23]. A novel

identification method is proposed based on second-order resistor-capacitor ECM parameters to describe the

battery’s transient characteristics [24]. The discharge mode identification is conducted for the online SOC

estimation of series-connected battery packs [25]. The OCV estimation algorithm is used for parameter

identification [26]. The online capacity estimation is conducted using a deep long short-term memory network

[27]. Adaptive model parameter identification for lithium-ion batteries is based on an improved coupling hybrid

adaptive particle swarm optimization and the simulated annealing method [28]. The parameter changing factors

are extracted and introduced into the iterative calculation process, and the distribution is simulated from important

micro-physical quantities obtained with high fidelity.
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Precise modeling is essential to describe the relationship between various state parameters; according to which
the working condition’s influence is considered for both the temperature and aging degree. The dynamic partial
equations are used to describe the mechanism of the internal reaction of lithium-ion batteries [29]. The mechanism
analyzes the lithium-ion concentration and potential distribution, which is then utilized to calculate the real-time
internal reaction rate [30]. The electrochemical reaction is simulated accurately with a complex structure, as too
many parameters should be identified using the results of experimental tests [31]. Simplified electrochemical
models are used in real-time applications so that the internal mechanisms are described by electrochemical
reactions by constructing the empirical equations [32]. Voltage and current are used to describe the battery’s
characteristics and mathematical notations. The computational complexity is reduced accordingly, so that the

accuracy is improved by the simplification method.

The parameter identification accuracy is directly affected by the application efficiency under complex and
variable temperature conditions. The influence of the ambient temperature and aging characteristics are introduced
into the modeling processes_[33]. As the offline parameter identification cannot reflect the full life battery
information accurately, the online parameter identification is realized to improve the estimation accuracy by
considering the wide temperature range influence [34]. The ECM is combined with the external measurable
parameters under complex working scenarios, and the cell-to-cell consistency difference is suppressed by the
noise interference [35]. The charge-discharge efficiency varies with temperature and current rate variation. As the
available capacity is reduced when the temperature is low, the estimated value is revised constantly by considering
the influence of aging and self-discharge factors [36]. Under the wide-temperature range influence, there is noise
in the measured value of external electrical parameters, so the feature information extraction is difficult, including
mathematical modeling and state estimation [37]. Collaborative SOC attenuation and wide temperature range state

estimation become the keys to achieving reliable application, improving energy utilization efficiency, service life
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extension, and safety insurance [38]. The neural network is also used to describe the non-linear characteristics of

lithium-ion batteries suitable for state estimation [39]. A large number of training samples are required to correct

the training data difference and accuracy affecting functions [40]. The large computation requires a powerful

processing chip, so the energy management is focused on the various random collection models.

Model parameters are identified to solve the influencing factor correction problem, according to which the

estimation accuracy is improved by the modified unscented Kalman filter (UKF) for the adaptive modeling of

multiple current rate conditions. The model capacity degradation is conducted, and the block diffusion modeling

is conducted under dynamic working conditions [41]. The pruned convolutional neural network approach is

proposed by the capacity estimation that is assisted with transfer learning [42]. The optimized state estimation is

supposed to realize the automotive tests by the adaptive management of the battery safety protection [43]. The

high-speed temperature sensor is also introduced to monitor the working state of batteries with low supply

sensitivity, which benefits the present application and non-functional requirements [44]. Markov-based state

estimation is conducted to characterize the charging process, and modular-fault tolerant processing is investigated

for the mathematical state-space equation [45]. Various operating strategies are analyzed for the battery’s redox

performance with structural optimization.

The SOC estimation accuracy should be improved due to its influence on the battery management systems. An

enhanced multi-state estimation hierarchy is constructed for advanced battery management systems [46]. The

deep convolutional neural networks are constructed and combined with ensemble learning and transfer learning

[47]. A hybrid statistical data-driven method is proposed for the online joint state estimation [48]. An adaptive

square root- extended Kalman filter is constructed for SOC estimation in complex conditions [49]. An improved

cubature Kalman filter is constructed, and combined with a long short-term memory model for the packing SOC

estimation [50]. As an essential parameter, effective identification is conducted to improve the whole-life-cycle

6
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battery performance and support the energy supply optimization by utilizing noise measurement and multilayer

invariant localization.

The angular velocity is performed through sliding-window nonlinear optimization using a semi-tightly coupled

integration scheme with seamless navigation. Through sliding-window nonlinear optimization, the angular

velocity is performed, and the optimization is realized using a semi-tightly coupled integration scheme with

seamless navigation. An efficient nonlinear cubature Kalman filter (CKF) is conducted for visual-inertial

iodometry, and a state observer is built by complex sensor fusion [51]. Accurate classification of time-series data

is realized by the extended application of fault diagnosis, in which the interconnected state observer is constructed

by electrochemical modeling [52]. The internal ohmic resistance calculation is combined with the state of health

degree, establishing a multi-index estimation system for the regressive battery state estimation. The differential

evolution models are conducted, and the fractional-order incremental analysis is performed [53]. The state

estimation availability is highly dynamic due to time-varying factors, including energy variation, life decay, and

charge-discharge current rate variation.

The state observation shows unique advantages in non-Gaussian models that have strong modeling capabilities

for the nonlinear characteristics of time-varying battery parameters. A performance evaluation is carried out where

the ratio of measured and rated capacity is calculated when the battery is fully charged [38]. The reliability of the

power supply capability is set as a manifestation, and a series of micro-short circuit diagnoses are conducted with

a mean-difference model [54]. Significant results are achieved for the model-based SOC estimation with the

whole-life-cycle fading trajectory estimation that can meet the urgent requirements effectively for the reliable

battery system application [55]. The maximum available capacity is combined with the least-squares algorithm

based on dual capacity estimation [56]. The high-fidelity capacity degradation model is constructed to reflect

battery internal activity, which is combined with chemical kinetics to identify model parameters, making the

7
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model adaptive to the battery aging process.

Under complex working condition, the capacity decay effect mechanism is investigated to optimize the power

resource scheduling by considering the research dynamics and urgent practical application requirements.

Subsequently, a novel weighting factor-adaptive Kalman filtering (WF-AKF) method is proposed for the whole-

life-cycle SOC estimation of lithium-ion battery packs. Through real-time experimental data acquisition in the

fractional calculus, an improved bipartite electrical equivalent circuit (BEEC) model is established, providing a

spatial equation suitable for state estimation. The WF-AKF-based collaborative estimation is conducted for both

the SOC and model parameters with the equivalent circuit modeling process, providing scientific evidence for the

reliable lithium-ion battery application.

2. Mathematical analysis

The working environment and aging characteristics are considered under wide temperature range conditions,

according to which the collaborative SOC estimation is realized with the model parameter identification. An

iterative calculation model is established for the full-life-cycle battery state estimation with an adaptive correction

capability under wide temperature range conditions. The energy supply efficiency is improved effectively by

promoting the adaptive model parameter estimation, which is used to describe the cell-to-cell difference.

Collaborative estimation and correction are investigated to obtain mathematical methods for the dynamic battery

characteristic description, which is carried out by ECM and state estimation with performance evaluation.

2.1. Discrete digital aging characteristic modeling

Under a dynamic working condition, the instantaneous power supply capacity and duration have time-varying

characteristics, so the BEEC model is established. A collaborative SOC estimation scheme is designed to realize
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effective residual power monitoring and optimization. After analyzing the discrete digital sampling error, the
noise influence of the external measurable parameters is considered in the modeling process, and the key time-
varying factors are identified. Then, the battery performance evaluation is conducted, and a full life-feature model
is established accordingly. The state-space equations are obtained with the output parameters under different
working conditions. The changing characteristics are expressed in terms of temperature and internal ohmic
resistance variations. A whole-life-cycle ECM is constructed for the experimental verification of the voltage
characteristics, according to which the output voltage variation is discussed effectively. Based on this model, the
composite model is constructed, and a structured circuit optimization strategy is realized through component
distribution adjustment. Then, a mathematical expression is obtained by considering both equivalent circuit

modeling complexities and accuracy.

The proposed ECM uses an ideal voltage soure U, to characterize the open-circuit voltage (OCV). An
accurate mathematical description of the self-discharge effect is realized by adding a parallel resistor R; across
the Uy, thereby reducing the error effect influenced by the self-discharge phenomenon. A first-order resistor-
capacitor circuit is used to describe the polarization effects and improve the battery state characterization accuracy.
Considering the difference between internal-connected battery cells in the equivalent circuit modeling process,
the state of balance (SOB) effect on the output voltage Uy (L) is characterized by the reverse series-connected
time-varying voltage source U. Then, the time-varying resistor R is used to describe the resistance variation
with the internal ohmic resistance Rj. An effective model is constructed with the state-space equation by

considering the influence of these factors comprehensively. The proposed BEEC model is constructed, as shown

in Figure 1.
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Figure 1. Schematic diagram of the BEEC model and SOB evaluation

In Figure 1, the model parameters are described as follows: R, and C, are used to form a first-order resistor-
capacitor network to simulate the dynamic polarization characteristics. U and R are used to characterize the
SOB effect and describe the internally cascaded cell-to-cell differences in the battery pack. The mathematical
description of the dynamic characteristics is realized by improving the ECMs based on the exploration of the
improved modeling methods with error suppression. The whole iterative calculation process includes estimation
and correction. The self-discharge current is I5(L), and the mathematical expression is obtained using R; to
record the self-discharge resistance. Considering the effect of Rj, the data processing is conducted for the discrete-

time calculation, so the state equation is discretized accordingly, as shown in Equation (1).

knmrl (7) kls(T) knmrl () kE (1)
S(k) =5(00) — fon’[— f —nd’[ =5(0) — foT T— foRsQndT
nmrl(k)Ts (1)
Sklk—1)=Sk—1)———F—— K+ T

Qn

In Equation (1), S(k) is the SOC value at the time point k; S(0) is the initial SOC value; n; is the

10
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Coulombic efficiency for the current I; 717 is the Coulombic efficiency for the temperature T; I(z) is the
current for the time point 7; @, is the rated capacity of the battery; I5(7) is the self-discharge current; E(7) is
the electrodynamic potential difference; R; is the internal self-discharge resistance; S(k|k — 1) is the estimated
SOC value at the time point k from time point k — 1; k is current discrete-time point; S(k — 1) is the SOC
value at the time point k — 1; I(k) isoutput current; T is the discrete-time sampling period. The self-discharge
influencing change is described by the parameter K for the measurement period. The state-space equation for

the BEEC model is shown in Equation (2).

(Ro + Ro)I(k) + Uy + I(k)Rea = E(K) — Us(k) — Uy(k) )

In Equation (2), Ry is the internal ohmic resistance; Rs is the state of balance resistance; I(k) is the total
current; U, is the polarization voltage of the circuit; R.4 is the charge-discharge difference resistance; Us(k)
is the state of balance voltage; Uy(k) is the CCV at the time point k. E(k) is the electrodynamic potential
difference that has a functional relationship to the battery state variation. Its mathematical relationship is described
as E(k) = f[S(k)] by taking S(k) as the SOC value at the time point k. During the discharging process, the
value of R.4(k) is set to be R.q4(k) =R; and set to be R.4(k) =R, when charging. For the parameter
identification, the iterative calculation of the polarization voltage U, is obtained at the same time point as the
parallel resistor-capacitor circuit. Also, it is obtained by the input-output circuit specifications, as shown in

Equation (3).

Uw(k) = E(k) — Us(k) — (Ro + Rp)I(k) — Up — I(k)Rca

Up(k) = I(k)Rp(l - em) 3)

In Equation (3), U(k) is the CCV at the time point k; E(k) is the electrodynamic potential difference; Us
(k) isthe state of balance voltage; Ry is the internal ohmic resistance; Ry is the state of balance resistance;

I(k) is the total current; U, is the polarization voltage; R.q is the charge-discharge difference resistance;

11
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R,, is the polarization resistance; C, is the polarization capacitance; T is the discrete-time sampling period.
The identified parameters are combined with the CCV variation, which is used to obtain the observation
output. K is change amount of each measurement period considering the self-discharge influence. Also,
the observation equation is obtained by substituting the calculation of Up(k)into Uy(k), as shown in

Equation (4).

_TS‘

UL(k) = E(k) — Us(k) — (Ro + Rs)I(k) — I(k)Rp(l — eR”C?’) — I(k)Req )

In Equation (4), U (k) is the CCV; E(k) is the electrodynamic potential difference; Us(k) is the state of
balance voltage; Ry is the internal ohmic resistance; Rs is the state of balance resistance; (k) is the total
current; R, is the polarization resistance; C) is the polarization capacitance; T is the discrete-time sampling
period; R.q is the charge-discharge difference resistance. The composite pulse-power test is performed to obtain
the model parameters corresponding to different SOC levels when the battery is working at an ambient
temperature of 25 °C. The battery is discharged for 10 s for the HPPC test. Then, it is shelved for 40 s without
any electrical load. Then, it is charged to full capacity for 10 s, during which the current rate is set at 1 C for the
pulse charge-discharge process. The discharge process is investigated for the current SOC value, which decreases
by 0.10 sequentially. After each test, the battery is shelved to ensure thermal and electrochemical equilibrium for
40 minutes. This process is repeated at different SOC levels to obtain the response data of the voltage-current

variation. The current and voltage curves in the HPPC test are obtained at 45 °C, as shown in Figure 2.

12
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(a) Corresponding current variation (b) Corresponding voltage variation
Figure 2. Voltage-current variation under the HPPC working condition

In Figure 2., k; is the starting time point of the pulse charge process; £ is the ending and starting time point
of the rapid voltage decrease and rapid voltage recovery after the pulse charge process, respectively; ks is the
starting and ending time point of the pulse discharge process and rapid voltage recovery, respectively; k4is the
ending and starting time point of the pulse discharge process and the slow voltage recovery, respectively; £s is
the starting and ending time point of the pulse charge process and the slow voltage recovery, respectively; ks
is the ending and starting time point of the pulse charge process and the rapid voltage recovery, respectively;
k7 is the starting and ending time point of the pulse discharge process and the rapid voltage recovery,
respectively; ks is the ending and starting time point of the rapid recovery voltage after the pulse discharge
process is completed; ko is the ending time point of the pulse discharge process and slow voltage recovery,
respectively. The overall HPPC test for the varying SOC levels is expressed and the single HPPC test for SOC
= 0.95 is enlarged. A detailed analysis is conducted, in which U; increases gradually until the CCV value
equals the OCV value. Corresponding battery voltage-current curves are introduced into the parameter
identification process of the electrical ECM to describe the polarization effect that it related to the battery
characteristics with high accuracy. By establishing a zero input-output response equation, parameter
identification is realized. The pulse discharging step of 10 s in the period of k;k;. After that, a 40 s shelving

period is conducted for ksks. The segment kskis conducted for the charging process of 10 s, and k7kois

13
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conducted for a shelving period of 40 s.

LiLs and LsLg reflect the chargeand discharge characteristics, respectively, with a high symmetry effect._L;
Ls is demonstrated, and the analysis process for LsLg is conducted similarly. (1) The LiL, variation is caused
by the internal ohmic resistance Ry, which is expressed at the time point when the battery is discharged. (2) U,

U3 is the voltage change when the polarization capacitor C, is charged, which is a zero-input response. When

circuit U, is charged to full capacity, the voltage values at R, and C, are equal. (3) UsU, is the voltage

change when the battery is shelved. When there is no flow of current, the ohmic voltage turns to zero, and the
terminal voltage rises rapidly. (4) The voltage variation in the period of U4Us is due to the C, discharging
through the polarization resistor R,, forming a zero-input response, so the voltage rises slowly. Also, the ohmic
resistance_R( is obtained by the voltage difference between U; and U,, corresponding to different SOC levels.
The discharging current is described by [ that is obtained in the pulse charge-discharge test. The polarization

resistance Ry, which is obtained by subtracting U, from Us, divided by the current I, as shown in Equation (5).

(U, —-Uy) (Us—Uy)
R(): i ;Rp = I

)

In Equation (5), Ry Is the internal ohmic resistance; R, is the polarization resistance; Uj is the voltage at
the starting time point of discharge process; U is the voltage at the ending time point of the fast discharge; I is
the discharging current; Uy is the voltage at the time point when the discharge is completed; Us is the ending
voltage of the rapid-recovery process. According to the first-order resistor-capacitor circuit, the zero-input
response generalization is obtained by taking Uz and Uy into consideration. The first-order zero-input state
equation is derived fiom the terminal voltage for the iterative calculation process by the time constant value of
Also, different terminal voltage values are deduced at the time points ks and k4, where the mathematical

expressions of Uz and Uy are obtained, as shown in Equation (6).

14
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k
U=Upe =U=U;—U=U;(1—e O

ks K (6)
U3=U1(1—€ T);U4 =U1(1—e T)

In Equation (6), U, is the dynamic voltage for the following period of the polarization effect; U, is the
polarization voltage; k is the discrete-time point; 7 is the time constant; U is the reflected voltage; U is the
initial voltage at the time point of ki. As the parameters of Us, U4, k3, and k4 are used to calculate the value

of the time constant 7, the derived combination is obtained with the time constant. Then, the polarization

capacitance C), is calculated using the derivation expression shown in Equation (7).

(k3 — k4)
(U —=Uy)
ln(Ul—U3)

(ks — k)

(U —uy)

ln(U1—U3)

T
R, R

(™)

Cp= 5

In Equation (7), T is the time constant; U; is the initial voltage at the time point of kq; Uj is the voltage at
the time point k3; Uy, is the voltage at the time point ks; R, is the polarization resistance. The CCV increases
abruptly at the time point ki, so the voltage variation reflects the battery’s internal ohmic resistance
characteristics effectively. The terminal voltage U; exhibits a gradually decreasing change tradition from the
time point k to k3. According to the Kirchhoff’s voltage law, the polarization capacitor C, makes the terminal
voltage decrease. As inversely determined, the polarization voltage U, increases slightly from 0.00 V to the
terminal voltage. The zero-input response of kj is finished until the time point ks, in which C, is slightly

attenuated while U, decreases gradually.

15
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2.2.  Collaborative parameter identification

By the analysis of the influencing parameters, a collaborative identification is applied to the estimation process

for both the BEEC model and performance comparison. An improved estimation observer is established to form

the online collaborative model parameter identification under the influence of dynamic working conditions. Based

on the characteristic modeling, a state-space equation is obtained. Then, an adaptive parameter adjustment is

introduced to realize the state-space equation of the battery characteristics, including environmental changes and

the aging process. Also, the weight coefficients are assigned using the observed and priori state values. Time and

state updates are performed through recursive calculation and feedback correction strategies. A real-time CCV

measurement is carried out to achieve an accurate target state estimation and correction to improve the adaptability

of collaborative estimation. The schematic diagram of the voltage state evaluation and iterative calculation

procedure is constructed, as shown in Figure 3.
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Figure 3. Schematic diagram of the voltage state evaluation and iterative calculation

In Figure 3., the average voltage, variance coefficient, and rate of voltage change for the internally connected

battery cells are expressed as Uy, Sp, and dU, respectively. Firstly, U, As Sp, and dU are calculated by measuring the

battery cell voltages. Then, the effective average cell voltage U is obtained according to the funcional calculation.

16
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Taking Ug and Sj as input parameters, the corresponding state-space equation S_E is obtained with its variables.
Then, the individual real-time measured cell voltage parameters Uj, U,, Us, ..., Uy, and I} under the operating

influence are used as the main input parameters for the collaborative state estimation. Combined with temperature

T signal correction, the WF-AKF algorithm is established for the iterative calculation.

The specificity of dynamic group applications is analyzed using the ECM and the state-space equation. The
key parameter is identified during the state estimation process. An influencing factor correction strategy is
introduced for the working characteristic modeling by the theoretical analysis of the key parameters, including
charge-discharge current, temperature, cycling life, self-discharge rate, and cell-to-cell consistency. Then, the
WEF-AKF is used for the multiple inputs and highly non-linear characteristics. The nonlinear transformation is
conducted for the mean-covariance state equations, and the operating characteristics of the battery system are

described under dynamic working conditions.

For the adaptive online model parameter identification, the overall structure is divided into three units,
including S1, Sz, and S3. The input parameters are the individual battery cell voltages Uy, Uj, Us, ..., Uy,
which are transformed into a mathematical state-space equation. The WF-AKF algorithm is used for real-time
iterative calculation with the results of collaborative state estimation. Input parameters are voltage, current, and

temperature signals. The module average is used to obtain the average voltage U, as shown in Equation (8).

Us=WU1+ Uy +Us+--+U,)/n

Umax = Max(Ua1,Uu2,U n3,+,U 4n)

Unmin = Min(Ua1,Ua2,U 43, az) ()
dU = Umax/Umin

In Equation (8), n is the number of series-connected battery cells, where the parallel cells are used for the

capacity expansion as a single battery cell. Uy, U,, Us, ..., U, are CCV parameters of the connected battery
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cells. Ugy, Uyo, ..., Ugy are used for the calculation of the averaged voltage Uj. Ujgy is the maximum voltage
of the internally connected battery cells, and U, is their minimum voltage, according to which the differential

voltage dU is calculated. Also, the SOB value is obtained, as shown in Equation (9).

n

T (Uk— Ug)®
SOB=£=92=;Z( ) )

U
k=1 A

In Equation (9), the SOB condition is characterized by the variance parameter &, which is obtained by squaring
the standard deviation factor 8. Uy is the acquisition voltage of each battery cell with the assigned parameter,
which is obtained at a current time point, and Uy, is the average voltage. The average voltage and change rate are
combined to obtain an effective average voltage U, which is calculated through the functional relationship and
CCV difference. The estimated voltage replaces the measured value to be used for the subsequent iterative
calculation, as shown in Equation (10).

US = h(dU,UA,UL) (10)

In Equation (10), h(*) is a function of obtaining the effective mean voltage, in which the differential voltage

dU, averaged voltage Ua, and CCV value U, are taken into consideration. In the S3 section, the input

parameters are measured for the individual cell voltages Uy, U,, Us, ..., U, with the current I} and the SOB

parameter €. Also, the mathematical description of the state-space equation is realized by combining the

correction of temperature T and the aging factor 7. By making full use of the lithium-ion battery output signal

characteristics, the information contained in the real-time measurement is retrieved to realize the effective

expression combined with the signal change rate variation to improve the collaborative estimation adaptability.

The monotonous increasing voltage is adopted with the cut-in computing direction, where the gradual

approximation is realized with the dichotomy iteration flowchart, as shown in Figure 4.
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Figure 4. Flowchart of the predictive iteration voltage of the median SOC calculation

In Figure 4, the SOC variation span is initialized for the first time point, where the middle SOC value is

calculated by the arithmetic average processing. By conducting the OCV measurement, the U, value is obtained,

and the initial judgment is conducted for the special condition to be higher than 4.20 V or lower than 3.20 V.
Then, the median search method is conducted by iterative calculation and judgment. The main implementation

process is described as follows.

(1) The initial value is set as (0, 1), and the interval median parameter S,, is taken as the initial estimation

factor.

(2) The measured U, value is introduced into the correction step of the whole iterative calculation process.
Firstly, it should be determined whether the battery is full or empty. If true, then iterate calculation returns 1 or 0

as an output directly and exits the calculation procedure. If not, the calculation process goes to the next step.

(3) The estimated S;,, value is introduced into the voltage functions to obtain the estimated valgeg.of
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(4) It should be judged whether the absolute difference value ofAU betweenU,., andU,. is greater than

the specified deviation range, which is set as 1 mV. When the absolute difference value of AU is bigger than the
threshold value, the procedure continues to the next step. If not, it turns to the direct output current S, exiting the

calculation procedure.

(5) The sizes of U,ce andU,. are compared accordingly. If it is large/ghathe parameter variation

range is shortened, and the upper limitof the current median is reduced. Whereas, if the value o/, is large,

the upward interval is shortened, and the lower limit of the medium value increases.

(6) The median factor S, is updated to a new interval, which returns to the third step that is introduced into

the OCV-SOC function again.

The cycling calculation procedure continues until the existing condition is achieved, in which AU is not
greater than the specified deviation. A collaborative estimation framework is constructed for all model parameters

based on the mechanism exploration of the EKF-UKF algorithm. The output parameters are considered for

different environmental conditions, thereby realizing an accurate mathematical description of the operating

characteristics. The parameter influence is adapted, including working conditions and aging factors, according to

which the collaborative SOC estimation is achieved.

2.3.  Multi-scale state of charge estimation

Combined with the model parameter identification, a multi-time-scale estimation model is established with an

adaptive iterative calculation by considering the ambient temperature and complex current rate conditions. Then,

the implementation strategy is explored to realize the real-time optimization when the lithium-ion batteries are

working under different conditions with a wide temperature range. Real-time identification results are introduced,

20



oNOYTULT D WN =

taking the model parameters as input to optimize the wide temperature range with multiple constraints. The
relationship between the performance degradation and the internal parameters is accurately obtained based on the

aging degree, performance degradation, and model parameters.

The weighted data points are introduced into the iterative calculation to approximate the r-dimensional
samples used to calculate the nonlinear functions. Then, an updated value is obtained by the state-space equation
to achieve the goal of tracking the target battery state, so that the collaborative estimation and the internal
resistance estimation are realized for real-time battery management systems. An accurate model is obtained by
adaptively adjusting the measurement noise to the uncertainty noise. Therefore, the error range is controlled within
a small margin to improve the stability and convergence effect. Also, the capacity decline and internal resistance

increase are used as the state evaluation indexes to realize the calculation, as shown in Equation (11).

_ Qmax Rint /
*= (Qnew * Rnew) 2 (1 1)

In Equation (11), @ is the aging state for the iterative calculation and evaluation; Qg is the maximum

discharging capacity; Qney is the maximum discharge capacity of the new battery; R;,; is the internal resistance

of the current time point; R, is the internal resistance of the new battery. An improved adaptive iterative

calculation model is constructed, in which R, is corrected in real-time with high accuracy. Therefore, the

iterative calculation for the collaborative state estimation is improved. The changes of Rj;,; and Q4. are used

to characterize the aging degree, which improves the estimation accuracy effectively. As a function of the

dependent variable voltage, the state value is calculated precisely as a nonlinear high-order polynomial function

with explicit inverse characteristics. The systematic discrete state-space equation is built by the (ampere hour) Ah

integral method, as shown in Equation (12).

Nl _1

Sk=Sk—1— On

+wi_1 (12)
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In Equation (12), Sj is the SOC value at the time point k; S;_1 is the SOC value at the time point k — 1;
1 is the Coulomb efficiency that considers both current rate and temperature; I _; is the current at the time
point k —1; Qp is the rated capacity of the battery; wj _1 is the process noise value at time point k — 1. The
independent variables are measured by the coordinate conversion and iterative binary when the dependent variable
voltage is obtained. The WF-AKF estimation is established by the Ah integral method and equivalent circuit
modeling. The state-space description is reflected by the observation equation by considering the time-domain

Kirchhoff’s voltage law of the electrical ECM, as shown in Equation (13).

Upk=f(Sk) — IRy — Up + vy (13)
In Equation (13), Uy is the CCV at the time point k; f (Sy) is the mathematical function for the OCV-SOC
relationship so that the U, is expressed by the SOC parameter Sy, at the time point k; I is the current at the
time point k; Ry is the internal ohmic resistance of the battery. The improved procedure is designed to extract
the processing and observing noises, which are used to estimate the system’s state. Afterward, the voltage across
the polarization capacitor is described by Up, which is used as the state quantity by introducing X = [Sy, Upk]T.
The terminal voltage Uj is taken as an output parameter, and the current is set as an input, so the state-space

equation is established accordingly, as shown in Equation (14).

Dy
U (—_ Dk) ol [U C
pk+1)| _ |exp [ pk] P
[ = k X + —hD Iy
S S k 14
k1 0 1 k Rpl—exp( 0 ) (14
N

In Equation (14), U,k + 1) is the polarization voltage at the time point k + 1; S 1 is the SOC value at the
time point k + 1; Dy is the discrete-time interval; U, is the polarization voltage at the time point k; S is the
SOC value at the time point k; C, is the polarization capacitance; R, is the polarization resistance; h is the

weighting coefficient; Qy is the rated capacity of the battery; I, is the current at the time point k. Subsequently,
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an improved calculation model is constructed to correct the variance between process and measurement noises,
so that the state update is realized. In the iterative calculation, the unscented transform processing is realized based
on the collaborative SOC and ohmic resistance estimations. The parameters are identified in real-time in the form
of a looped iteration, and the collaborative state estimation is realized. The improved calculation is realized by
combining the unscented transformation and the Kalman filtering method. Afterward, an appropriate sampling
strategy is used to approximate the state variable distribution. As the battery system linearization is not forced,
the error calculation is avoided by ignoring the high_order terms and the time-varying Jacobian matrix.
Consequently, the estimation requirement is highly reduced with the adaptive correction. It is superior to carry

out the state estimation methods in terms of the estimation error in which the covariance is updated using Equation

(15).
Py = (E — KiCi) Py —1 (15)

In Equation (15), the error covariance Py is obtained for the time point k as a state variable; Pj_1 is the
estimated error covariance at the time point k —1, obtained from the error covariance at the time point k —1;
K}, is the Kalman gain; E is an identity matrix. The state variable and covariance time-updating are investigated

by the mathematical relationship, as shown in Equation (16).

Xk = Ak — 1%k — 1)k —1 + Br—1Ux—1
OR 5£_1A£—1] (16)

Shie—15
=] Qi
In Equation (16), Xy is the corrected state variable conducted at the time point k; Xj_1x—1 is the
estimated at the time point k — 1 that is calculated from the optimal state variable toward the estimation. When
calculating the equation, only half of the significant values are needed to get the same estimation accuracy.
According to the dependence on the initial value and the calculation stability, a square root decomposition of the

state covariance matrix is introduced into the calculation process, which corrects the initial value adaptively. The
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error variance matrix Py is decomposed by Pj =SS T instead of the covariance matrix, updating the covariance
decomposition matrix Sy, iteratively. The corresponding calculation change of the Kalman gain is obtained, as

shown in Equation (17).

K(k) = Skjk— 1Fx@ite = [Fi Fi + Ry] 7
1 i’\/akRU (17)

Fp=ST CoVi=—"7
k klk—1LiYk 1— R,

In Equation (17), K(k) is the Kalman gain at the time point k; Sjjx—1 is the estimated SOC value from the
time point k —1 to k; F} is the forgetting factor at the time point k; «j is the coefficient at the time point k;
R, is the error covariance; Cj is the covariance at the time point k; yj is the correction coefficient that is
obtained by taking both aj and R,. As the number squaring method requires more digits in the mathematical
representation, the update of the mean covariance error matrix Pj, needs more valid data bits than the state
quantity x to ensure the calculation accuracy. The square root calculation decomposes the mean square error
matrix Pj. The state variables and covariance measurement updates are conducted by the estimation and

correction strategy, as shown in Equation (18).

{J?kuc = Xk -1+ KWk — CiXre — 1 — Dyuge) 8
Sk = Skjk— 1[I — aryiFiFi'] (18)

In Equation (18), Xy is the estimated state value at the time point k; Xjx—1 is the estimated value given
the time point k — 1 to k; K}, is the Kalman gain at the time point k; yj is the measured state value; Cj and
Dy, are the matrices of the state parameters; Sy is the estimated SOC value at the time point k; Sy, —1 is the
estimated SOC value from the time point k—1 to k. The parameters of ay, Yk, and Fjy are calculated
according to Equation (17). The error covariance matrix Pj is decomposed to be guaranteed as a non-negative
definite, overcoming the filtering divergence problem caused by the uncertainties of the estimation system. As
linked to a particle filter, the algorithm has a significant advantage compared with Monte Carlo and approximate

Bayesian algorithms in predicting the dynamic battery parameters accurately.
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2.4. Influencing factor optimization and correction

The performance evaluation procedure for collaborative state estimation is established to complete the

preliminary realization of related algorithms. Consequently, the estimation effect improves with the convergence

performance. The collaborative performance evaluation is investigated for state estimation, correctness,

verification, stability, and consistency testing. The online collaborative state estimation is realized for the state

quantities based on the preliminary performance evaluation. The functional relationship is described

mathematically for the ECM, including SOC, SOB, and aging characteristics.

The weighting factor correction is implemented by calculating the voltage variation coefficient. The

mathematical SOB expression is obtained and applied in the correction steps. Also, the SOB evaluation is

introduced into the correction process, in which the external battery characteristics are mainly affected by the

current, capacity difference, and initial state variation. The CCV value is used as a comprehensive reflection of

the model parameter and state factor changes. The values of external factors suchas Uy, I,and T are measured,

and the evaluation is implemented accordingly. The numerical description is conducted, and the correction

strategy is combined to improve the estimation accuracy. A mathematical expression is applied to the correction

steps by calculating the voltage variation coefficient.

Combined with the correction strategy of the environmental condition influence, the differences between

internally connected battery cells are described, and the construction problem is solved. Through the influence

degree of each input factor, the weighting preset of each parameter is realized in the evaluation process to carry

out the real-time correction and iterative calculation. A numerical SOB evaluation is conducted for the state

parameter correction with the model parameters and weighting factor correction. A numerical description is

conducted to improve the estimation accuracy and is introduced into the equivalent circuit modeling process to
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realize the correction effectively.

The ECM and collaborative state estimation are realized in the correction steps. Based on the selected wide

temperature range conditions, the SOC estimations are conducted and analyzed. A balanced charging strategy is

used to maintain the initial value at full capacity, and the change characteristic is normalized by Qp. As the aging

process changes slowly, the functional relationship is determined through periodic measurement and calibration.

The functional relationship of AQy with time is obtained through the number correction of superimposed cycles

simultaneously. The correction of Q,qteq 1s conducted by considering the cycling number Also, the corrected

capacity Qy is obtained for Qrqteq With the aging factor by the superimposing effects.

3. Experimental analysis

A multi-level model is constructed to realize the collaborative state estimation of lithium-ion batteries that are

suitable for complex working environments with stability analysis. The performance evaluation of the proposed

iterative calculation algorithm is investigated effectively. Due to the development of battery management systems,

embedded verification is realized for the ECM and collaborative SOC estimation. The experimental analysis of

working condition influence is carried out by considering the measurement accuracy of different initial state

quantities and input parameters. Multiple current rates combined with working condition experimental results are

performed to obtain a dynamic relationship between the temperature change and the output parameters in the

model.

3.1. Experimental platform for the time-varying temperature and current rate test

The battery testing platform is constructed to evaluate the performance of the designed model throughout the

experimental analysis, which verifies the accuracy of the theoretical analysis. The experimental battery samples
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are established under different SOB scenarios and the operating mode simulation to analyze characteristic changes

under time-varying conditions. The experimental testing platform under complex working conditions is

constructed, as shown in Figure 5.

Temperature setting
@ panel

Host computer

Power Connect
—

Temperature Chamber
TT-5166TH-7 — (P

Battery Test System
NEWARE BTS-4000

Figure 5. Experimental testing platform under time-varying ambient temperature and current rates

In Figure 5, the experimental testing platform is constructed using a lithium-ion battery (AVIC CFP50AH), a

charge-discharge tester (BTS200-100-10-4), and a temperature chamber (DGBELL BTT-331C), which are

connected by the TCP/IP Fieldbus control system. The testing current rate and working conditions are controlled

by an industrial personal computer (IPC) that is connected to the equipment by a peripheral network cable. The

parameter identification and state estimation effect verification are performed under different working conditions.

Since the battery adopts the constant voltage charging method after the constant current application, the charging

time is relatively easy to estimate. Therefore, the parameter identification is combined with a composite pulse-

power test.

3.2. Core parameter changing factor under temperature variation

The battery characteristics are obtained for different temperature conditions. When the SOC value varies from

1 to 0.2, the internal resistance is relatively stable with an insignificant change. When the SOC value varies from
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0.2 to 0.1, the internal resistance increases rapidly. When the SOC value is lower than 0.1, the internal
resistance increases rapidly and doubles. The internal resistance variation characteristics are the same when the
temperature varies from -20 to 40 °C, which increases gradually, with temperature changes and rapidly when

the temperature decreases. The relationship between the parameter and capacity-temperature variation is

obtained, as shown in Figure 6.
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Figure 6. Relationship of parameters under capacity and temperature variations

In Figure 6., under low-temperature conditions, the CCV value of the battery reaches the cut-off
voltage quickly. The ohmic resistance under negative temperature conditions shows an increasing trend,

but it decreases uniformly from the positive to the highest temperature. The trackability of the
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proposed algorithm tracks the changes of real values well under complex BBDST working condition. During the
whole operation period of the lithium-ion battery, the maximum estimation error is 0.87%. Meanwhile, the
estimated SOC value obtained by the Ah integral method still has a high deviation. The estimation effect if
investigated when the initial state value is inaccurate to analyze the iterative calculation adaptability. This method
has a strong self-correction capability, and the output waveform converges to avoid the estimation error of the
actual value curve within a limited sampling period. As a result, a verification of the experimental results is

obtained under the complex condition, as shown in Figure 7.
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Figure 7. Experimental resulis under the complex BBDST working condition

In Figure 7. Subfigure (a) is the pulse power current variation under the complex BBDST working conditions;

subfigure (b) is the responding voltage variation that varies from the full to the empty capacity state: subfigure

(c)
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is the capacity variation response; subfigure (d) is the energy variation response. Based on the ECM of the lithium-
ion battery, the iterative calculation model is built, and a decoupling iterative Kalman filtering algorithm is written
in the S-function to realize the accurate state estimation. The estimation results are verified by the experimental

test under complex working condition.

3.3. Pulse current condition voltage tracking results

A high polarization resistance under decreasing temperature conditions with low values of 0.10 is observed.
The parameter values obtained for the charge and discharge processes are averaged as the model parameter value
suitable for different SOC levels. The highest polarization parameter values are recorded in the negative
temperature range. The polarization resistance and capacitance are dependent on the terminal voltage. There is an
increase in polarization capacitance with increasing temperature, in which the highest value is obtained under
high-temperature conditions. Based on the parameter identification result, the experimental terminal voltage

comparison and error curves for the main charge and main discharge conditions are obtained, as shown in Figure

8.
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Figure 8. Terminal voltage estimation for the pulse current charge and discharge tests

In Figure 8, subfigure (a) is the main charge terminal voltage traction; subfigure (b) is the main charge voltage

error curve; subfigure (c) is the main discharge terminal voltage; subfigure (d) is the main discharge voltage error

curve. The terminal voltage traction estimates are accurate for the whole pulse charge- and discharge processes at

under different working conditions. In the main charging process, the maximum estimation error is less than 0.015

V with a nominal voltage of 4.20 V, so the maximum CCYV traction error is 0.36%. The maximum identification

error is 0.012 V in the main discharging process, with a maximum error of 0.24%. The estimated parameters are

verified by tuning the relevant model parameters effectively.

3.4.  Whole-life-cycle state of charge estimation

Based on the charging current provided by the lithium-ion battery’s manufacturer, the battery is charged to its

cut-off voltage and converted into the constant voltage charging process. The electricity mainly comes from the

CC charging stage, while the CV charging stage is used to supplement the battery, so the CC mode is used for the

charging conditions. Consequently, the working voltage measurement scheme is designed. (1) The discharge is

conducted with a 1 C current rate before the CCV value equals 3.00 V. (2) The battery is shelved for 30 minutes.

(3) The charging is conducted with a current rate of 0.2 C and stepwise to 0.05 of the rated capacity. (4) The

voltage is measured after being shelved for 30 minutes. (5) The voltage is measured when the SOC value equals
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0.05, 0.1, 0.15, ..., 0.95 sequentially. (6) Steps (1) to (5) are repeated to obtain the CCV value for the current rates

0.3C, 1.4 C, and 0.5C. The voltage changing curve is obtained for different current rates with the CCV difference

between the internally connected battery cells for the same SOC level adaptive to the time-varying charge-discharge

current rates, as shown in Figure 9.
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Figure 9. CCV traction and SOC estimation for time-varying current rates under the BBDST working condition

In Figure 9. Subfigure (a) is the SOC estimation effect comparison; subfigure (b) is the main charge voltage

error distribution; subfigure (c¢) is the main discharge terminal voltage; subfigure (d) is the comparative SOC

estimation error results. In subfigure (c), Al is the actual SOC, and S2 is the SOC estimated by the proposed WEF-

AKEF algorithm. It can be observed in subfigure (d) that is stabilizes the large initial SOC estimation error by

tracking the actual with a maximum error of 0.46% under the complex BBDST working condition. The battery

cell has a large charging current rate and an operating voltage under the same SOC conditions. When the discharge
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current rate increases, the overall CCV value of the high current rate is greater than the value of the low current

rate. Besides, the working characteristics have a large CCV change during the initial time points at both ends of

the battery, and the variation in the discharging platform tends to be gradual. The difference in the operating

voltage increases gradually to the same energy conditions as between 0.2 C, 0.3 C, 0.4 C, and 0.5 C. Based on the

trend, the operating voltage change caused by the current rate of 0.1 C is smaller than 12 mV, which shows that

the charging current rate changes have a great impact on the SOC estimation.

4. Conclusion

The whole-life-cycle SOC estimation is essential for lithium-ion batteries, which are difficult to realize under

wide temperature range conditions. Consequently, an improved weighting factor-adaptive Kalman filtering (WF-

AKF) method is proposed, combined with a bipartite electrical equivalent circuit (BEEC) model by the

collaborative parameter identification strategy with time-varying factor correction for accurate SOC estimation.

An adaptive multi-time-scale iterative estimation-correction model is constructed by combining equivalent circuit

modeling and collaborative state estimation. The whole-life-cycle iterative calculation models and the sub-models

are established for real-time state estimation by considering the temperature and current rate variations with aging

characteristics. This voltage traction method is accurate, with a maximum traction error of 0.36%, showing a

decreasing trend for the main pulse current charging process. The maximum CCV traction error is 0.24% for the

main pulse current discharging process. It is observed that the proposed WF-AKF algorithm stabilizes the large

initial SOC estimation error by tracking the actual with a maximum error of 0.46% under the complex BBDST

working condition. The proposed collaborative SOC estimation method has high accuracy and robustness

advantages, providing a theoretical basis for the durable and efficient operation of lithium-ion batteries.
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