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Abstract: The electrification of vehicles puts forward higher requirements for the power management
efficiency of integrated battery management systems as the primary or sole energy supply. In this paper,
an efficient adaptive multi-time scale identification strategy is proposed to achieve high-fidelity
modeling of complex kinetic processes inside the battery. More specifically, a second-order equivalent
circuit model network considering variable characteristic frequency is constructed based on the high-
frequency, medium-high-frequency, and low-frequency characteristics of the key kinetic processes.
Then, two coupled sub-filters are developed based on forgetting factor recursive least squares and
extended Kalman filtering methods and decoupled by the corresponding time-scale information. The
coupled iterative calculation of the two sub-filter modules at different time scales is realized by the
voltage response of the kinetic diffusion process. In addition, the driver of the low-frequency
subalgorithm with the state of charge variation amount as the kernel is designed to realize the adaptive
identification of the kinetic diffusion process parameters. Finally, the concept of dynamical parameter
entropy is introduced and advocated to verify the physical meaning of the kinetic parameters. The
experimental results under three operating conditions show that the mean absolute error and root-mean-

square error metrics of the proposed strategy for voltage tracking can be limited to 13 and 16 mV,
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respectively. Additionally, from the entropy calculation results, the proposed method can reduce the
dispersion of parameter identification results by a maximum of 40.72% and 70.05%, respectively,
compared with the traditional fixed characteristic frequency algorithms. The proposed method paves the

way for the subsequent development of adaptive state estimators and efficient embedded applications.

Keywords: Lithium-ion battery; Kinetic parameters; Entropy evaluation; Parameter identification;

Frequency characteristic

1 Introduction

As a part of the global decarburization efforts, it is crucial for the electrification and
intellectualization of internal combustion engine-powered vehicles [1,2]. Among various types of
electrified vehicles, compared with plug-in hybrid electric vehicles (PHEVs), hybrid electric vehicles
(HEVs), and fuel cell electric vehicles (FCEVs) with the battery-motor system as the main energy source
[3-5], the development prospect of battery electric vehicles (BEVs) as the only power source seems to
be widely optimistic under the current decarbonization agenda [6,7]. In view of the requirements of the
battery energy system, lithium-ion batteries are favored due to their unique properties, such as high
energy density (>200 Wh/kg [8]), high working voltage (>3.0 V [9]), and long cycle life (>1000 cycles
[10]), compared with lead-acid batteries and other oxide batteries [11]. The battery energy systems
integrate electrochemistry, thermodynamics, and mechanics, making them highly nonlinear [12,13].
Therefore, it is very critical to develop an efficient management strategy to ensure the safe, reliable, and
long-term use of lithium-ion batteries.

As the core of the whole battery management system (BMS) development, the upper application

algorithm for monitoring the internal states, such as state of charge (SOC), state of power (SOP), and



state of health (SOH) of the battery, is very significant [14,15]. In many types of research and
applications, the algorithms for internal state monitoring are designed based on the battery model [12,16].
This leads to the undeniable conclusion that the performance of condition-monitoring algorithms is
highly dependent on the accuracy of the battery modeling [17]. Since the kinetic processes inside the
battery exhibit some differences in time scales. In this case, battery modeling considering multi-time
scale information could further improve the fidelity of the model, thus paving the way for the
development of effective management strategy. In addition, an efficient BMS should balance the dual
requirements of modeling accuracy and computational complexity, which in turn provides guarantees
for embedded system applications.

The high-fidelity model and accurate internal characterization can greatly improve the management
efficiency of batteries and prolong their life. In the modeling of power batteries, the widely used
electrochemical mechanism model (EMM) and equivalent circuit model (ECM) have obvious
advantages in development potential compared with other battery models. Previous studies have shown
that the EMM and ECM of power batteries have different application scenarios in engineering
applications [18,19]. With the modeling idea dominated by the electrochemical reaction principle, the
EMM is usually used to design and optimize the battery [18,20]. More specifically, the EMMs have
obvious advantages in capturing external macro physical quantities (such as current, voltage, etc.) and
internal key characteristic parameters (such as the conduction rate of carriers in the solid-liquid phase
and the time constant of chemical reactions, etc.) [21]. However, the EMM contains too many parameters
that are challenging to identify due to the partial differential equations [22]. As a result, the lightweight
requirements of embedded applications may not be satisfied by the system identification methods

developed based on the EMM. Furthermore, the convergence, stability, and speed of highly



computationally complex algorithms cannot be efficiently guaranteed during the system’s iterative
update.

On the other hand, the ECM developed based on mature circuit theory is widely used in the real-
time control of the BMS because of its high computational efficiency and generally satisfactory accuracy
[23-26]. However, a non-negligible shortcoming is that the ECM is relatively weak in characterizing the
internal complex battery kinetic behavior. One of the primary reasons is that the battery’s internal
dynamic processes have significant frequency differences and multi-time time scale characteristics. The
battery modeling that ignores the multi-time scale information of kinetic processes may reduce the
accuracy of kinetic parameter identification. In this case, extracting and analyzing the time-scale
information inside the battery and using it for the optimization of ECMs is an effective way for high-
fidelity modeling. In addition to EMM and ECM, battery modeling designs based on data-driven or
artificial intelligence algorithms have been widely carried out and show obvious potential advantages in
the networked, intelligent, and cloud-based collaboration of EVs [27,28]. Nevertheless, with the current
hardware and on-board chip requirements, these methods do not seem to be directly implantable for use
in engineering.

Considering the variable characteristic frequency of key kinetic processes inside the cell is
extremely crucial to improve the accuracy and fidelity of the battery model. Among the key kinetic
processes within the battery, such as ion migration, charge transfer and active lithium diffusion, can be
monitored in a non-destructive manner and exhibit certain time-scale differences [29-32]. This provides
a good opportunity to distinguish and quantify the kinetic processes inside the battery. In this case,
extracting and analyzing time scale information from key dynamics is extremely beneficial in improving

the accuracy of the battery model [33,34]. For the key dynamic processes inside the battery, such as the



charge transfer process, electric double layer process, and diffusion process, the time scale difference
can be described as having four main characteristics [35,36]. First, the physical process at high-
frequency is that lithium ions mainly pass through the separator, and electrons pass through the current
collector and external circuit. Secondly, the physical process at a medium-high frequency can be
described as the migration of lithium ions to the liquid phase and the chemical reaction of active lithium
at the solid-liquid interface. Thirdly, the diffusion of active lithium in solid particles is characterized by
low-frequency. Finally, the increase of polarization resistance and capacitance in the electrode is
characterized by ultra-high frequency. The variable characteristic frequency of the kinetic process brings
a great challenge to the high-fidelity modeling of the battery.

In addition to constructing high-fidelity battery models, the development of lightweight parameter
identification strategies is highly significant in engineering applications. The multi-time scale problem
of the kinetic process has an impact on the design of the model parameter identification algorithm. In
most of the current research, the recursive least squares (RLS) algorithm [37-41] and other adaptive
filtering methods [42-44], such as the extended Kalman filter (EKF) [45,46], are widely used in
engineering applications due to their moderate appropriate computational complexities. However,
ignoring the identification strategy of dynamic time scale information may weaken the physical meaning
of model parameter identification results. Moreover, it is an unreasonable phenomenon that the modeled
values of terminal voltages can be satisfied with a good matching effect with the measured values even
though the model parameters are identified inaccurately. Therefore, it is extremely essential to develop
an efficient online adaptive identification algorithm to realize accurate identification of dynamic
processes.

To solve this problem, an efficient adaptive multi-time scale identification strategy based on



second-order resistance-capacitance (RC) ECM network considering variable characteristic frequency
is proposed in this paper. The four main contributions make this research different from existing ones.

(1) Considering the dual index requirements of computational complexity and model accuracy, the
second-order RC ECM network based on the variable characteristic frequency is established to realize
the capture of key kinetic processes inside the battery.

(2) To make the identification results of kinetic parameters have clear physical significance, an
efficient adaptive multi-time scale identification strategy is developed in detail. The iterative
identification of key kinetic parameters is realized at different time scales.

(3) The variation in SOC levels is used to design the driver that controls the low-frequency sub-
filter to improve the adaptability and generality of the proposed strategy. The sub-filters in different
frequency bands are strongly coupled by diffusion voltage and decoupled by time-scale information.

(4) The concept of parameter entropy is introduced and advocated. Furthermore, the entropy value
is calculated under three different current conditions to verify the rationality of the parameter
identification results and the superiority of the proposed method.

The remainder of this paper is organized as follows: the battery model framework considering
variable characteristic frequency is introduced in Section 2. The development of the proposed adaptive
multi-time scale identification strategy is given in Section 3. Experimental verification and discussions

are described in Section 4. The conclusions are finally drawn in Section 5.

2 Model framework considering variable characteristic frequency

2.1 Second-order RC circuit network model

Charge transfer and diffusion are two of the most important effects in battery dynamics, which are



usually described by two different RC circuits in the ECM. In this paper, the second-order RC ECM is
still used to capture the variable characteristic frequency of the battery. The corresponding relationship
between the kinetic process and the frequency characteristics is shown in Fig. 1(a and b). Affected by
the variable characteristic frequency of the kinetic processes inside the battery, the use of traditional
fixed characteristic frequency identification algorithms to directly identify all the characteristic
parameters inevitably produces inaccurate results and even lead to unreliable results under adverse
operating conditions.

Based on the fact that the second-order RC ECM can accurately simulate the key kinetic processes
in the battery, this paper proposes an efficient adaptive multi-time scale identification strategy based on
frequency feature separation to improve the effectiveness of model parameters. In this strategy, the
medium-high-frequency RC network is composed of a transfer charge resistor and an electric double-
layer capacitor. Also, the low-frequency RC network composed of a diffusion resistor and a diffusion
capacitor is designed separately in different filter modules. The idea of the characteristic separation

modeling strategy based on second-order RC ECM development is shown in Fig. 1(c).
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Fig. 1. Architecture for modeling based on second-order RC ECM. (a) The capture of complex kinetic features; (b) a
second-order RC ECM considering variable characteristic frequency; (¢) modeling strategies for the separation of key
kinetic processes.

In Fig. 1(a and b), the resistance of internal carrier conduction in lithium-ion batteries can
correspond to the impedance link in the second-order RC ECM. Specifically, the nonlinear open-circuit
voltage (OCV) of the battery is characterized by Ugcy, and its calculation method is calculated from the
prior data of OCV-SOC; U, is the closed-circuit terminal voltage of the second-order RC ECM; [

denotes the current excitation of the system. In this paper, the battery discharging is assumed to be in the



positive direction. On the extraction and analysis of key kinetic processes inside the battery, the high-
frequency characteristic is described as ohmic resistance, which is recorded as R,ny,, and the voltage
drop at both ends is recorded as U,y The medium-high frequency characteristics are described as
charge transfer and double-layer impedance, which are recorded as R and Cy), and the voltage drop
at both ends is recorded as Uq. The low-frequency characteristic is described as diffusion impedance,
which is recorded as R4 and Cgp, and the voltage drop at both ends is recorded as Uy It is worth
noting that the current excitation at ultra-high frequency rarely appears in actual EV driving conditions.
Therefore, the inductance effect at an ultra-high frequency can be ignored, which is suitable for the
practical application of vehicle EV battery systems and avoids the modeling error caused by nonlinear
inductance.

In addition, it can be observed from Fig. 1(c) that the medium-high frequency parameters and the
low-frequency parameters are divided into two different modules. Each module is controlled by an
independent filtering algorithm. It is worth noting that we allocate the internal ohmic resistance at a high
frequency and the transfer charge impedance at a medium-high frequency in the same module. There are
two main reasons for this distribution. Firstly, the reaction time of ohmic resistance in the medium-high
frequency band is in milliseconds to the second level. The reaction time of impedance parameters in the
medium-high frequency band is in the second level. The time constants of the two to complete their
respective physical processes have a certain coincidence in the second level. Secondly, in the current
vehicle-mounted BMS, the sampling frequency of the electronic control unit (ECU) can be controlled.
Therefore, the data saturation phenomenon of medium-high frequency parameter identification caused

by too high a sampling frequency will not occur.



2.2 Model-based modular state representation

The terminal voltages of the second-order RC ECM mainly include ohmic impedance voltage U gpm,
charge transfer, and electric double-layer impedance voltage U4, diffusion impedance voltage U s, and
open-circuit voltage Ugcy. Assuming that the sampling period At remains constant during the system
operation, the full-response equations of U.q4 and Ugs at time step k can be obtained based on the
steady-state analysis of the RC network in circuit theory, as shown in Egs. (1) and (2).

Ugyr =exp(=At/R,Cy W4, + R, (1—exp(= At/R,Cy ), (1)

Uy =exp(= At/RyCoo Wy oy + Ry (1= exp(= At/ R, .Cyp I, )
where k represents the sampling point of the BMS, and At represents the sampling interval of the
measured current and measured voltage. I _; 1s the system input current at the time step k=1, Ucqy
and Uy are the terminal voltages of the corresponding resistor-capacitor network at the time step k,
respectively. Then, the overall terminal voltage of the second-order RC ECM can be calculated using

Eq. (3).

ULk =Uocvk T Uonme T Uear + Vst 3)

In addition, the SOC is defined as a percentage of the battery’s remaining capacity compared to the
nominal capacity of the battery in many Refs. [4,47]. When the nominal capacity of the battery and the
initial SOC value is obtained, the reference SOC is calculated using the Coulomb counting method based
on high confidence under laboratory conditions. The mathematical expression for its calculation is
shown in Eq. (4).

Zk:ZO+At'77[Zk;Ii/Cnom 4)
P
where C,,n indicates the available nominal capacity, 7n; represents the Coulombic efficiency factor,

z represents the SOC of the battery for brevity, z, and z, represent the SOC values at time step 0
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and k, respectively. It should be noted that a small capacity battery of model 18650 with 2.0 A h is
chosen as the sample cell for the experiments in this paper, so the value of 7; is 1. In addition, since
the current state of the battery is known and the experimental conditions are controllable, the effects of
many indicators, such as cell aging state, current multiplication rate, and ambient temperature on

capacity, are neglected.

2.3 Entropy definition of model parameters

Entropy is often used to describe the chaotic degree of a system. The more chaotic the energy
distribution, the greater the entropy [48-50]. In this paper, the concept of entropy is ingeniously
introduced into battery modeling to enrich the performance verification of the model. The correlation is
that the smaller the entropy value, the more obvious the physical meaning of the parameters, the higher
the consistency of the parameter identification results, and the better the reliability. Under this concept,

the definition of entropy can be simply calculated using Eq. (5).

En’ :yT_y‘ x100% (5)
7

where Enj represents the symbolic expression of the entropy value of internal ohmic resistance,
expressed as a percentage, indicating the degree to which internal ohmic resistance deviates from the
average value using different algorithms. x denotes different recognition methods, y denotes the
dynamical parameters in the model. In this paper, x represents forgetting factor recursive least squares
(FFRLS), EKF, and the proposed adaptive multi-time scale identification strategy. y can represent
Rohm> Ret» Cai, Rap, and Cqr. ™ is the average value of the dynamical parameters identification results
based on algorithm x in the whole sequence. y is the average of the y* obtained under different

identification methods, and the mathematical expression for its calculation is shown in Eq. (6).
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y= %IZ)‘»;‘ (6)
where n is the number of adopted methods. Eqgs. (5) and (6) show that after we obtain the model
parameter identification results using different methods, y* is obtained using each method, and the
values of J and Enj are further calculated. Similarly, the entropy of other impedance parameters in
the model can be calculated by the same method. It is worth noting that when n is 1, y* isequalto y
due to insufficient comparison of results. At this point, the entropy of all parameters is 0. In this case,
the effectiveness of entropy can generally be reflected at least when two or more algorithms are
compared. In this paper, FFRLS and EKF are selected to compare the performance of the proposed

adaptive multi-time scale identification strategy, so the value of n is 3.

3 Adaptive multi-time scale identification strategy

In the modeling idea considering variable characteristic frequency, sub-algorithms at different
frequencies are expected to identify key kinetic processes with different characteristics. In each cycle of
the BMS, the input current and voltage of the system are used to identify the medium-high frequency
characteristic parameters. But the diffusion impedance parameters with low-frequency characteristics do
not need to be identified in every sampling period of the BMS. In other words, the same system input
current and voltage parameters cannot be directly used to drive the operation of the low-frequency sub-
filter. For this reason, this paper designs an adaptive drive controller for low-frequency sub-filter start-
stop based on the current profile. It is obvious that with this separation identification strategy,
considering the characteristics of the frequency difference, the identification results of the model

parameters show a distinct physical meaning while ensuring high accuracy.
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3.1 Model-based sub-algorithm development

3.1.1 Sub-algorithm design for medium-high frequency

According to this modeling concept, two separate high-pass and low-pass filters must be developed
to capture impedance parameters at various frequencies and improve the model’s ability to simulate real-
world battery dynamics. Naturally, an important problem needs to be solved, namely, the sub-algorithm
design of filters at different frequencies. In this paper, for the sub-algorithm design in the medium-high-
frequency band filters, the FFRLS is implementation, and the effectiveness of this method is verified in
Refs. [51,52].

Considering the requirements of the FFRLS algorithm, it is necessary to derive the exogenous
autoregressive equation of input and output. In view of this, we define the voltage inside the battery to
overcome the electrochemical reaction process as Up, which is obtained as

Up,k = UL,k _UOCV,k = kRohmk +Ucd,k +Udf,k (7

Then, the frequency domain form of the corresponding loop equation in the medium-high frequency
band is obtained by the Laplace transform, as shown in Eq. (8).

G(5) = U, ()/1(5) = Ry Ry (1+ R Cy5)+ Uy (s) ®)
where s is the Laplace operator, and G(s) is the transfer function of the impedance network. Further,
the difference equation of the whole impedance link can be obtained, as shown in Eq. (9).

Up,k = KlUp,k—l +r0 K51 K )
where k1, Ky, k3, and k4 are the coefficients of the difference equation, the expanded form is shown in
Egs. (10)—(13).

K =RC,/(&+RC,) (10)
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K2 = ((Rohm + Rct )At + Ry R Cdl )/(At + Rcthl) (1 1)

ohm™ “ct

K, =R, R.Cy/(At+R,C,) (12)
K= ((At +R.Cy )Udf,k =R ColUt s )/ (At +R,Cy) (13)
From Egs. (10)—(13), k and At represent the sampling point of BMS and the sampling interval
of current and voltage, respectively. Furthermore, the exogenous autoregressive equation used for the
iteration of the FFRLS algorithm can be defined, as shown in Eq. (14).
Kﬁgh,k = 0high,kH }—figh,k (14)
where Yhighk, Onighk, and Hpighk are the output matrix, coefficient matrix, and system input matrix of

the difference equation in the medium-high frequency band, respectively. The expansion forms of each

matrix are as follows:

Yhigh,k = [Up,k] (15)
H o =Upn L Ly 1] (16)
Opign i =K1, Koy Ky Kyl (17)

Then, the identification of the coefficient matrix @pig, . at each time step can be obtained based
on the recursion of the FFRLS algorithm. The specific recursive equation is as follows:
At the time k = 0, initialization:
éhigh,o = E[ahigh,o] (18)
Phigh,O = [(éhigh,o - ahigh,o )(éhigh,o - Hhigh,O)T] (19)

At the time k=1, 2, ..., repeat:

T
Khigh,k = (I)high,k—thigh,k )/(/1 + Hhigh,kl)high,k—thigh,k ) (20)
T
I)high,k = Phigh,k—l - Khigh,thigh,kI)high,k—l //1 (2 1)
0high,k = 0high,k71 + Khigh,k (Yhigh,k - 0high,k71 HkTigh,k) (22)
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From Egs. (18)—(22), Khpighx and Phpigh are the gain matrix and covariance matrix of the
medium-high-frequency sub-algorithm at the time step k, respectively. éhigh‘k is the parameter matrix
used to store the coefficient recursion results. Under the sampling data of the embedded BMS, each
coefficient value in @high’k can be recursively obtained using FFRLS algorithm. Further, the values of
Rohm, Rer, and Cgq; for the medium-high-frequency parameters can be calculated using Egs. (10)—(12).
Then, the low-frequency diffusion voltage Uy under each set of sampled data can be calculated through
the results of Rohm, Rer, and Cgq; in Eq. (13). It is worth noting that the calculation of Uy involves an
iterative process, so its initialization is necessary during identification. In this paper, the Ugs is
initialized with 0, and the forgetting factor 4 is set to 0.99. It is not difficult to find that after the FFRLS

algorithm converges, the Uy identification results can also be considered to have high reliability.

3.1.2 Coupling factor between the sub-algorithms

As mentioned above, the adaptive multi-time scale identification strategy considering frequency
characteristics distinguishes the medium-high frequency parameters from the low-frequency parameters
in different filter modules. At this time, a crucial problem to be solved is how to choose the coupling
factor between different sub-algorithms. It is worth noting that the sampling of the measured current and
measured voltage has a high frequency in the BMS. In order not to contradict the kinetic information
between medium-high frequency and low-frequency, the system measurement data cannot be directly
applied in the low-frequency sub-algorithm. Moreover, the terminal voltage of the low-frequency
impedance link cannot be directly measured. In this case, an effective feedback correction mechanism
is urgently needed before the development of a low-frequency sub-algorithm.

It is also important to note that in engineering applications, the feedback correction mechanism of

the adaptive filtering algorithm is often realized by the error between measurement and estimation.
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Fortunately, while the identification results of medium-high-frequency parameters Rghm, Ret, and Cq
in the medium-high frequency filter module are obtained, an important physical quantity, namely the
terminal voltage Uy of diffusion impedance, is also recursively calculated. The important point is that
when the FFRLS algorithm converges, the identification result of U4 can be considered to have high
reliability. Therefore, selecting Ug¢ as the coupling factor between the two sub-filter modulessolves the
problem of less effective innovation in the low-frequency impedance network. Under the effective
feedback mechanism of Uygs, the terminal voltage response of the low-frequency impedance link is

defined as a function g( * ), as shown in Eq. (23).

—At — At
g(Ulow,k oLis Ryg > Cor ): exp(—JUIOW,k + Ry 4 [1 - eXp(—Clek (23)

df &k “df & df &k df &

where U)oy, represents the low-frequency diffusion voltage at time step k. The function g( *)
indicates that the terminal voltage response of the low-frequency impedance link is influenced by the
diffusion voltage U)oy, current Iy, low-frequency diffusion resistance Ry and diffusion capacitance
Cg4s. Then, the error innovation used for iterative correction of the algorithm in the low-frequency filter
module can be calculated using Eq. (24).

Eows =Ustm = 20w s Lis Rip 4> Ca ) (24)
where €0y, 15 the coupling factor, which represents the error innovation of diffusion voltage in the
low-frequency sub-algorithm. In addition, Ug¢,, is the Ugs identification result of the mth recursion
under the medium-high-frequency sub-algorithm.

3.1.3 Sub-algorithm design for low-frequency

In the medium-high frequency sub-filter module designed based on the FFRLS algorithm, the

identification results of parameters Ronm, R, Cq and Uge can be obtained recursively. It should be

16



noted that the low-frequency impedance link corresponding to the slow diffusion of active lithium in
solid particles can be regarded as a low-pass filter. That is to say, the terminal voltage response of low-
frequency impedance can be regarded as the result of the long-term accumulation of current excitation.
Based on this, we define the state variable of the low-frequency impedance link, as shown in Eq. (25).

Piowi =[Rari Coil' (25)
where pjow 1S the state variable of the low-frequency sub-algorithm at time step k. Egs. (23) and (25)
are combined, and the state-space equation of the low-frequency impedance link in discrete form can be
obtained, as shown in Egs. (26) and (27).

Piow i1 = Piow x T Wi (26)

— At — At
Ulow,k+l = exp(—)U owk T R £, 1- exp(— I +v (27)
Rdf,kcdf,k o o Rdf,def,k ¢ ‘

Eq. (26) shows that the low-frequency impedance parameters are unchanged in nature, but are
affected by some internal chemical reaction processes. Under this influence, the low-frequency
impedance parameters will change slowly with the accumulation of time, and the process is realized by
modeling with noise wy. Also, Eq. (27) shows that the low-frequency impedance link is realized by the
sum of the full response and the estimation error vy,.

It is not difficult to find that the low-frequency diffusion voltage can be calculated by recursing
using Eq. (27). However, once the values of low-frequency parameters Ry and Cy4¢ are not accurate
enough, the low-frequency diffusion voltage U,,, may deviate from its true value. This deviation from
the true value error is inevitable due to the drawbacks of open-loop estimation. Note that the calculation
of the coupling factor g, includes the identification result of another Ug with high reliability,
which provides enough effective information for the closed-loop correction of Uy Under this idea, the
EKF algorithm with low computational complexity is chosen to realize the development of a sub-

17



algorithm in a low-frequency filter module. In addition, the effectiveness of the EKF algorithm in system
identification has been confirmed in many Refs. [12,34,40,41]. At this time, one of the main problems
is to derive the system output matrix Cf,,j required for the EKF algorithm’s iteration.

First, the following functions are defined by combining Egs. (23) and (27).

—At — At
g(Ulow,k s Lis Prow ): eXp[Wjulow,k + Ry 4 (1 - exl{—cjjlk (28)

df k“df & df K df &

Then, the equation of the system output matrix Cf,,, , can be obtained as follows:

o = 08WU, o s L5 Prow i) _ og (Ulow,k s Prow, ) + 0g (Ulow,k oAy Prow ) AU, (29)
low,k — -
¢ ap low ap low 8(]10W,k dplow

Further, each part of Eq. (29) is calculated as follows:

og (Ulow,k s plow,k) _ {ag (Ulow,k s plow,k) og (Ulow,k oAs Pows ):|

(30)
Prow ORy; 0Cy;
og\U I AU, ., —R. .1 - -
g( low,k > kaplow,k) _ ( low,k — Ydr k k)exp( At I [1- exp[ At J 31)
OR Cet (Rdf,k )z Ry 1 Ct i a4 Car ik
og (Ulow,ksl k»/’low,k) _ At (Ulow,k _Rdf,klk)ex{ A (32)
OCy; Rdf,k (Cdf,k)z Rdf,kcdf,k
a Uow ° I s Flow - At
g( tow,k> Lo Py )=eX[{ ] (33)
aljlow,k Rdf,kcdf,k
dUlow,k — ag((]low,k—l s ]k—l s plow ) + ag(l]low,k—l H Ik—l H plow) dl]low,k—l (34)
dplow ap low a Ulow k=1 dplow
og (Ulow,k—l oAy s plow,k—l) _ |:8g (Ulow,k—l Ay s plow,k—l) og (Ulow,k—l L 1> Prowit ):| (35)
Prow OR; 0Cy;

oh (Ulow,k—l’lk—lﬂplow,k—l) _ At(Ulow,k—l ~ Rdf,kllkl)exp( - At ] s 1— exp( - At ] (36)
= k-1
ORy Cdf,k—l(Rdf,k—l)z Rdf,k—lcdf,k—l dt‘,k—lCdf,k—l

ag(Ulow,k—lvl k—l’plow,k—l) _ At(ljlow,k—l — Ry, L k—l) ex;{ A j (37)
0Cy; Ry (Cdf,k—l )2 Ry i 1Cara
0 Uow - ’I —1°> Plow, k- gAY
g( tow,k—15 L k=15 Plow,k Jzex{ J (3%)
al]low,k—l Ry 1 1Car i
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Comparing Eq. (29) with Eq. (34), it is not difficult to find that the calculation of the system output
matrix Cf,, , is realized by the recursion of dUslowlk/ dpsiow- Specifically, when the state variables
Pslowk—1 and du slowk—1/dpgow slow are initialized, the results of dUslow,k/dpslOW slow can be
calculated using Eqs. (34)—(38). Then, the calculation of Cf, j isrealized using Eqgs. (29)—~(33). Finally,
the sub-algorithm designed based on EKF is applied in the low-frequency filter module. Then, the
independent identification of low-frequency diffusion impedance parameters is completed iteratively. In
this paper, we use a zero-mean matrix to initialize du slowk/dpgow. The specific iterative process of
prediction and correction is as follows:

At the time k = 0, Initialization:

ﬁl-:)w,() = E(plow,O) (39)

+

low,0 = E[(plow,O - ﬁl-:)w,o )(plow,O - ﬁl-:)w,o )T] (40)

At the time k =1,2,..., repeat:

ﬁl:Jw,k = ﬁlt)w,k—l (41)
iJw,k = 1t>w,k—1 +Zw (42)
A0 3 (o0 (/D I (/I LS 3 3)
Bis = Prows + Kl iUt = 80 Lo i) (44)
i =(E-KL,,C ) (45)

From Egs. (39)—(45), Kfowx and Ziowk are the Kalman gain matrix and covariance matrix of the
low-frequency sub-algorithm at the time step k, respectively. Zw and Z, are the covariance matrix of
noise Wi and noise Vi respectively. In addition, similar to Eq. (24), Udtm is the identification result
of Ugr of the mth recursive under the medium-high frequency sub-algorithm. The Kalman gain matrix

Kfyw corrects the error innovation Ziow,k of the diffusion voltage in each iteration calculation so that
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the identification results of the low-frequency state parameters Rqr and Cqr can be optimal. Moreover,
the design of two independent filters, medium-high-frequency, and low-frequency will make the
physical meaning of the model parameters more obvious. The entropy of the parameters is smaller in the

whole identification framework.

3.2 Design of adaptive drive controller

In the development of an adaptive multi-time scale identification strategy, the medium-high
frequency sub-algorithm based on FFRLS and the low-frequency sub-algorithm based on EKF are
designed in different modules jointly but separately. For the medium-high frequency filter module, it is
appropriate to use the measured voltage and current data sampled by the ECU. However, for the low-
frequency filter module, as described above, the large diffusion time constant makes the measurement
data such as voltage and current unable to be directly applied. Driven by this kinetic response, a crucial
problem is determining the driving mode of the medium-high frequency sub-algorithm.

A natural solution is a design of a fixed driving time, which is the same as the idea described in
Ref. [39]. However, under the real driving conditions of EVs with drastic current changes, the fixed
driving time brings some ineffective innovations to the identification of diffusion impedance links.
Especially under the mixed charging-discharging condition, the identification efficiency of the low-
frequency algorithm is greatly reduced. An extreme but typical example is that under the condition of
charge-discharge at the same rate, the current of charging and discharging at the same time causes the
diffusion impedance voltage changes to cancel each other out. Therefore, it is crucial and necessary to
design an adaptive drive controller to ensure the start and stop of the low-frequency sub-algorithm.

Considering that the terminal voltage change of the diffusion impedance link is determined by the
current on the diffusion capacitor, the same current profile will pass through the OCV link of the battery
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while flowing through the diffusion capacitor. The change in open circuit voltage is strongly related to
the change in battery SOC. With this analysis, an effective adaptive drive controller is designed based
on the variation of SOC so that the whole parameter identification algorithm can adapt to all current
profiles. Based on Eq. (4), the change in SOC under laboratory conditions can be calculated using Eq.
(46).

Az = A0, D, [Co (46)
where Az represents the change in SOC level, and n represents the total number of sampling times
required when the SOC variation reaches the preset value of Az. In this paper, we set Az to 0.5% based
on the OCV-SOC curve of the selected battery samples. This means that when the change in SOC reaches

0.5%, the same current profile will bring a more obvious diffusion voltage change so that the low-

frequency sub-algorithm can get relevant information for iterative calculation.

3.3 Overall framework of the proposed strategy

From the above-detailed description, the adaptive multi-time scale identification strategy for
second-order RC ECM parameters is developed, which mainly includes the sub-algorithm design in the
medium-high frequency filter module, the sub-algorithm design in the low-frequency filter module, the
determination of coupling factors among different modules, and the design of an adaptive drive
controller. Besides ensuring the accuracy of macro-characteristic descriptions, the most important
contribution of this strategy is to greatly reduce the entropy of key kinetic characteristic identification
results. Fig. 2 shows the overall iterative framework of the adaptive multi-time scale identification

strategy considering variable characteristic frequency for the second-order RC ECM.
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Fig. 2. Overall framework of the adaptive multi-time scale identification strategy.

The development of the adaptive multi-time scale identification strategy aims to improve the
capture ability of key feature parameters in battery modeling, which makes the identification results of
model parameters have obvious physical significance. It can be observed from the iterative framework
shown in Fig. 2 that the two sub-algorithms run in their respective frequency bands and are coupled by
diffusion voltage. There are two points worth explaining, as follows:

First, it can be observed that the realization of the two sub-algorithms depends on the SOC value
of the battery. In this paper, we simplify the calculation of battery SOC based on the Coulomb counting
method. In addition, the OCV-SOC curve is acquired in a completely balanced battery state. Also, the
current is sampled using a high-precision battery tester in the laboratory. Therefore, it is believed that
the initial value of battery SOC and the calculated value during the experiment have acceptable accuracy.
Second, special consideration is given to the algorithm’s computational complexity to achieve the online
identification efficiency of model parameters in BMS mounted on EVs. It can be observed from Fig. 2
that the RC ECM-based implementation for modeling the key kinetic physical processes inside the
battery and the development of an adaptive multi-time scale identification strategy do not introduce new

unknown variable parameters. Therefore, the whole modeling strategy does not impose an additional
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computational burden on the embedded application of the system. In fact, due to the unique design of
the driving mode, the parameters of the low-frequency impedance link are identified only at a specific
time, which greatly reduces the computational complexity of the whole strategy compared with the

traditional fixed characteristic frequency identification method.

4 Experimental validation and discussions

4.1 Experimental platform and configurations

In the verification phase of the algorithm, the NCM battery samples with a capacity of 2.0 A h are
selected. Furthermore, the experiments of three different current profiles, including the federal urban
driving schedule (FUDS), Beijing dynamic stress test (BJDST), and urban dynamometer driving
schedule (UDDS), are designed and conducted. The experiment platform is built with a high-precision
battery test system, temperature chamber, and host computer for recording experimental data. The main
characteristic parameters of the cell and the power line connection of each device in the experimental

platform are shown in Fig. 3.

D e
e Temperature Battery test - - ’
test chamber ‘ system N =Y

) 39 =

T T T
UDS —— BJDST——UDDS|

@ [MACCOR] ‘\
HLLUR
- i \ J

1(A)

0 3000 6000 9000 12000
Time (s)

1 (¢) Characteristic parameters
Weight:45.0 g (Approx.)
Dimensions: 65 mmx>18 mm
Rated capacity: 2000 mA h (1 C)
Charging cut-off voltage: 4.20 V
Discharge cut-off voltage: 2.50 V
Working temperature: 0~45 ‘C

7\

23



Fig. 3. Experimental platform and configurations. (a) Experimental platform; (b) current profile and voltage response;

(c) battery characteristic parameters.

It is worth noting that, influenced by many factors, such as temperature and aging state, the model
parameters inside the battery are time-varying. To control the influence of these parameters as much as
possible, the same battery sample is placed in a temperature-controlled box set at 25 °C in advance.
Before the FUDS, BJDST, and UDDS experiments, the batteries in the temperature-controlled box are
put on hold for a long enough time to achieve the internal state balance, thus reducing the influence of
temperature and aging on the experimental results. Under this consideration and setting, the experimental

data for three working conditions are shown in Fig. 4.
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Fig. 4. Experimental results under different working conditions. (a) Current profile; (b) coltage response;

(c) SOC curve; (d) OCV-SOC fitting results.

Fig. 4(a)—(c) show the measured current, measured voltage, and SOC calculation curves of FUDS,
BJDST, and UDDS experiments in the laboratory environment. Fig. 4(d) shows the OCV test data of
the battery and the fitting results of the OCV-SOC. It is worth noting that high-order fitting may improve
the calculation accuracy for known data points. However, it is also easy to reduce the calculation

accuracy for OCV of unknown points, which increases the computational complexity. Because this paper
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aims to solve the problem of high-accuracy identification of the model parameters, the hysteresis effect
of OCV is not considered, and the functional relationship of OCV-SOC is realized by conventional
fourth-order fitting. As mentioned above, every value of OCV is sampled by a high-precision battery
test system when the battery is fully laid aside to achieve complete balance. Therefore, based on the

fitting relationship between the OCV and SOC, an accurate initial SOC value is obtained.

4.2 Accuracy verification of voltage prediction

Based on the above discussion, FUDS, BJDST, and UDDS experiments are tested on battery
samples. The development of the adaptive identification strategy proposed in this paper is realized by
coupling the medium-high frequency sub-algorithm based on the FFRLS algorithm and the low-
frequency sub-algorithm based on the EKF algorithm. Therefore, the FFRLS algorithm and the EKF
algorithm are selected at the fixed characteristic frequency to compare the performance of the proposed
strategy. First of all, the terminal voltage tracking effect of the model is verified by comparison, and the

experimental results are shown in Fig. 5.
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Fig. 5. Tracking effects of terminal voltage under different working conditions. (a—1) FUDS; (a-2, a—3, a—4)
partial profiles of FUDS; (b—1) BJDST; (b—2, b—3, b—4) partial profiles of BIDST; (c—1) UDDS; (c—2, ¢-3, c—4)

partial profiles of UDDS.

It can be observed from Fig. 5 that the EKF algorithm, the FFRLS algorithm, and the proposed
strategy can track the terminal voltage of the model in the trend. From the tracking effect, compared with
the EKF algorithm, the FFRLS algorithm and the proposed strategy perform better at matching ohmic
resistance characteristics. However, the characterization of the FFRLS algorithm in terms of the
medium-high-frequency charge transfer effect and the low-frequency diffusion effect is insufficient. By

comparison, the proposed strategy can match well whether it is ohmic resistance or charge transfer and
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diffusion characteristics of carriers. One of the main reasons is that the characteristics of the frequency

difference of the complex dynamics inside the battery are considered. Furthermore, the terminal voltage

error results under three working conditions are shown in Fig. 6.
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Fig. 6. Estimation error of terminal voltage under different working conditions. (a—1) FUDS; (a—2, a3, a—4)
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From the error result curve shown in Fig. 6, the superiority of the proposed strategy in predicting
the terminal voltage can be clearly observed. Under three different current profiles, the error result of
the proposed strategy is always smaller than that of the traditional fixed characteristic frequency
identification method, especially at the later stage of discharge. Two reasons lead to the above results.
Firstly, the influence of model parameters. The proposed strategy distinguishes the complex kinetic
processes inside the battery, which makes the modeling of the key internal kinetic processes more
accurate, especially in the low-frequency diffusion impedance link. Secondly, the influence of working
conditions. Because the trend of the whole working condition is continuous discharge, the function of
the low-frequency sub-algorithm is fully stimulated by the accumulation of current. Additionally, this
means that as the discharge process continues, it will become increasingly clear how the diffusion
response of carriers within the battery affects solid particles. In addition, because the low-frequency sub-
algorithm and the medium-high frequency sub-algorithm are closed-loop coupled through the diffusion
voltage, the stability performance of the proposed strategy is better than that of the traditional fixed
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characteristic frequency FFRLS and EKF algorithms. Furthermore, the performance of the model is
quantitatively analyzed using the mean absolute error (MAE) and root-mean-square error (RMSE)
metrics. Their corresponding mathematical expressions can be found in Refs. [14,24]. The voltage
modeling results based on different methods under different working conditions are shown in Table 1.

Table 1. MAE and RMSE of voltage modeling based on different methods.

FUDS BIDST UDDS

MAE (mV) RMSE (mV)  MAE@mV) RMSE@mV) MAE mV) RMSE (mV)

EKF 22.95 30.72 25.78 30.51 24.88 28.74
FFRLS 19.57 29.82 22.86 26.56 22.13 28.73
Proposed 11.19 14.79 12.93 15.78 11.46 15.16

It can be observed from Table 1 that MAE and RMSE under the proposed strategy are lower than
those of traditional fixed characteristic frequency EKF and FFRLS identification methods under the
three working conditions. Compared with FFRLS and EKF, under the FUDS condition, the MAE of the
proposed strategy is reduced by 11.76 and 8.38 mV, and the RMSE is reduced by 15.93 and 15.03 mV,
respectively. Under the BJDST condition, the MAE of the proposed strategy is reduced by 12.85 and
9.93 mV, and the RMSE is reduced by 14.73 and 10.78 mV, respectively. Under the UDDS condition,
the MAE of the proposed strategy is reduced by 13.42 and 10.67 mV, and the RMSE is reduced by 13.58
and 13.57 mV, respectively. Compared with Ref. [41] (based on the least squares algorithm at a single
time scale, the RMSE of the end-voltage prediction results at 25 °C is 37.20 mV), the proposed algorithm
improves the RMSE of terminal voltage prediction at three operating conditions by 22.41, 21.42, and
22.04 mV, respectively. The above experimental results can prove that the proposed algorithm has

excellent performance and high accuracy in battery terminal voltage prediction.
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4.3 Model-based parameters identification results

Under the verification of the above terminal voltage performance, the parameter capture results
under different working conditions are recorded to verify the characterization performance of the model
in key characteristic parameters. The proposed identification strategy considers the variable
characteristic frequency inside the battery and divides the impedance links in different frequency bands
into different filter modules. Under three different test data sets, the sub-algorithm in the medium-high

frequency filter runs under each sample data. Then, the results of the medium-high frequency impedance

characteristic parameters R,pm,, Rc:, and Cg under the full sequence are obtained, as shown in Fig. 7.
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Fig. 7. Identification results of medium-high frequency parameters under different working conditions. (a—c) FUDS;

(d—f) BIDST; (g—i) UDDS.

By observing Fig. 7, it can be observed that all medium-high frequency impedance parameters

converge rapidly under different working conditions based on the proposed method. In addition, it is
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observed from the convergence values of the identification results that the maximum error of the Ropm
does not exceed 1.08 mQ, the maximum error of the R does not exceed 0.60 mQ, and the maximum
error of the Cq does not exceed 0.09 kF under different operating conditions. It is verified that the
identification results of each parameter based on the proposed multi-time scale identification strategy
have high consistency and strong stability. The main reason for this phenomenon is that the medium-
high frequency sub-algorithm actively isolates the influence of the low-frequency reaction process inside
the battery. While the medium-high frequency sub-algorithm iterates, the low-frequency sub-algorithm

based on EKF is controlled to run at a specific time to identify the results of the diffusion impedance

characteristic parameters Ry and Cyg4f, as shown in Fig. 8.
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Fig. 8. Identification results of low-frequency parameters under different working conditions. (a, b) FUDS;

(d, ) BIDST; (g, h) UDDS; (c, f, 1) results of driving points of low-frequency sub-algorithm.

Fig. 8(a, d, and f) respectively show the parameter changes of diffusion resistance. Fig. 8(b, e, and
h) respectively show the identification results of diffusion capacitance parameters. The Fig. 8(c, f, and
1) respectively show the driving points of the low-frequency sub-algorithm in full sequence under
different working conditions. Compared with Fig. 7, an obvious difference can be noticed, that is, the
abscissa of the parameter curve in Fig. 8(a, d, and f) and Fig. 8(b, e, and h) is not the traditional time but
the identification step. This is because the design of the adaptive drive controller makes the low-
frequency sub-algorithm only execute on a specific time scale. It can be observed from Fig. 8(c, f, and
1) that the proposed model has at least three obvious advantages. Firstly, the influence of the
characteristics of medium-high-frequency parameters on the identification of low-frequency parameters
1s reduced. Secondly, the algorithm’s unnecessary iterations and the computational load of the system

are greatly reduced. Finally, the proposed strategy can adapt to different current profiles and improve its

generalization ability.

4.4 Reliability analysis of the model parameters

For the battery model with superior performance, besides its excellent voltage prediction ability,
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the capture of key characteristic parameters should also be given attention. Based on this core, the
statistical analysis of the parameter identification results under various working conditions and the
extraction of the parameter features that lead to the stable phase of the algorithm are performed. Then,
the normalized values are calculated by normalizing the identification results under BIDST and UDDS
with the results of FUDS as a scale. In addition, the entropy value calculation of the model parameters
1s proposed and applied for the first time in this paper. Its calculation method is described in detail in
Section 2. It is worth noting that since the entropy value is defined by a percentage, the average value is
coupled with at least two kinds of working condition data. Therefore, it is reasonable to compare the
parameters of resistance and capacitance with different dimensions. The normalization and entropy

calculation results for the parameters are shown in Fig. 9.
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Fig. 9. Reliability verification results of model parameter identification. (a—c) Normalized value under different

working conditions; (d—f) entropy based on parameters under different algorithms.

From the results shown in Fig. 9(a—c), it can be observed that the parameters identified using the
FFRLS and EKF algorithms are highly inconsistent under different working conditions. Meanwhile, the
model parameters captured by the proposed algorithm from different working conditions are consistent.
This shows that the parameter results based on the proposed algorithm have more explicit physical
significance. In addition, the entropy value is another angle to analyze the rationality and reliability of
the algorithm identification results, that is, the dispersion of parameter identification results based on
different algorithms under the same working condition. It can be observed from the results shown in Fig.
9(d—f) that under the FUDS, BJDST, and UDDS working conditions, the maximum entropy values of
recognition results based on the FFRLS algorithm are 66.49%, 21.17%, and 55.79%, respectively. The
maximum entropy values of the recognition results based on the EKF algorithm are 66.01%, 28.63%,
and 94.64%, respectively. The maximum entropy values of recognition results based on the proposed
strategy are 25.76%, 19.75%, and 24.58%, respectively. Compared with the FFRLS-based model
identification results, the proposed strategy reduces the parameter dispersion by 40.72%, 2.41%, and
31.20%, respectively. Compared with the EKF-based model identification results, the proposed strategy
reduces the parameter dispersion by 40.25%, 8.88%, and 70.05%, respectively. This fully demonstrates

that the model parameter identification results based on the proposed strategy are more accurate and

34



reliable.

5 Conclusions

In this paper, the impact of multi-time scale effects of key kinetic processes on the battery modeling
is investigated. An efficient adaptive multi-time scale identification strategy that takes into account the
frequency difference property is proposed in detail. Compared with the battery modeling strategy at a
single time scale, the four main conclusions of this paper are as follows.

(1) Different kinetic processes within the cell exhibit specific relaxation times. The second-order
ECM that takes into account timescale information enables the modeling of key kinetic processes
without adding additional computational complexity.

(2) An adaptive multi-time scale identification strategy is extracted and implemented based on the
variable characteristic frequency for the key kinetic processes. The proposed modeling strategy couples
the key dynamical processes at high frequency, medium-high frequency, and low frequency by
decoupling them using the corresponding time scale information.

(3) The coupled iterative calculation of the two sub-filter modules at different time scales is
achieved based on the voltage response of the diffusion process. In addition, the adaptive identification
of low-frequency dynamics parameters is achieved using a driver design based on the level of SOC
variation.

(4) The concept of entropy is introduced and advocated to verify the physical meaning of kinetic
parameters. The entropy calculation is implemented using the parameter identification data under
different working conditions and algorithms to verify the superiority of the proposed method in the
identification of key kinetic parameters.

Experimental results under three different working conditions show that, from the perspective of
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modeling voltage, the MAE and RMSE of the voltage tracking based on the proposed strategy are limited
to 13 and 16 mV, respectively. Meanwhile, compared with the FFRLS and EKF algorithms at the fixed
characteristic frequency, the maximum reduction values of the MAE index under the three working
conditions are 13.34 and 10.67 mV, respectively. The maximum reduction values of the RMSE index
are 15.94 and 15.04 mV, respectively. From the perspective of model parameters, compared with the
fixed characteristic frequency identification algorithm based on FFRLS and EKF, the proposed strategy
reduces the maximum entropy of model parameters by 40.72% and 70.05%, respectively. The proposed
multi-time scale modeling method can provide a sufficient theoretical basis for the subsequent

development and embedded application of a high-performance adaptive state estimator based on ECM.
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