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Abstract: With the rapid development of electric energy storage, more and more attention has been paid to the accurate
construction of energy storage lithium-ion battery (LIB) model and the efficient monitoring of battery states. Based on this
requirement, a simulated annealing-back propagation (SA-BP) model is proposed, and the long-term state of health (SOH)
of LIBs can be estimated online by combining with the battery single particle (SP) model. Among them, simulated annealing
(SA) algorithm is used to optimize the initial parameters of back propagation (BP) network. In order to improve the
identification efficiency and avoid the local optimization, the nonlinear decreasing step-bacterial foraging optimization
(NDS-BFO) algorithm is introduced into the parameter identification process. On the basis of adopting the SOH sequence as
the output of the SA-BP model, two electrochemical parameter sequences are used as the input of the model for training and
testing. In addition, in this paper, the contributions in terms of the SOH estimation task mainly include two aspects. Firstly,
the SOH estimation results can provide suggestions for the timely replacement of batteries in actual energy storage power
stations. Secondly, the electrochemical parameters identified before SOH estimation are strongly related to the quality of the
LIB. Therefore, they can provide references for the economy of LIBs. At 25 °C, the accuracy of the SP model is verified
under three different working conditions. Degradation experiments are carried out under a constant current condition and a
self-designed energy storage condition. The experimental results show that, under the 0.5 rate constant current condition, the

root mean square error (RMSE), mean absolute error (MAE) and mean absolute percentage error (MAPE) of the long-term
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SOH estimation result are 0.42%, 0.34% and 0.38, respectively. And under the self-designed energy storage condition, the

RMSE, MAE and MAPE of the result are 0.33%, 0.26% and 0.29, respectively. Under the same working condition, the SOH

estimation results have a significant improvement in various performance evaluation indicators. The improved algorithm

provides theoretical and experimental basis for the reliability of energy storage battery monitoring.
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1. Introduction

Energy storage is an important technology for building new power systems, and it can support to achieve carbon peaking

and carbon neutrality. The traditional energy storage mainly includes mechanical energy storage and electrochemical energy

storage [1, 2]. In energy storage power stations, electrochemical energy storage technology has become the main support [3,

4]. Among them, electrochemical energy storage devices represented by L1Bs have been widely used in new power systems,

and the common type of energy storage LIB is lithium iron phosphate battery [1, 3, 4]. With the advantages of long cycle life

and good rate performance, the lithium iron phosphate battery plays an irreplaceable role in power system [5-8]. In the process

of degradation, the internal resistance of each LIB will gradually increase. The increase of internal resistance is one of the

inducements to increase the risk of thermal runaway. If LIBs are not properly managed during the degradation process, a

series of thermal runaway problems may be caused. In the past decade, there have been dozens of fire and explosion accidents

caused by thermal runaway [4, 9]. Therefore, the establishment of the safe and stable battery management system (BMS) is

the focus and difficulty of energy storage systems [10, 11].

The efficient operation of energy storage system components is mainly determined by the states of LI1Bs [12]. During the

degradation process, accurate and online monitoring of long-term SOH can ensure that the battery is within a safe working

range. And the SOH can provide effective references for the screening of abnormal cell [13, 14]. From the technical point of

view, the SOH is a key indicator reflecting battery performance, and it can be used as a reference for optimizing energy



management strategies [15-17]. From the economic point of view, the battery wear cost is closely related to the number of
degradation cycles. Therefore, the SOH can be used as a reference for judging battery economy [18]. The definition of cell
SOH includes capacity definition method and internal resistance definition method [19-23]. The capacity definition method
defines SOH as the ratio of current capacity to initial capacity, and the internal resistance definition method defines SOH as
the ratio of internal resistance difference. Among the internal resistance definition method, the denominator is the internal
resistance difference between the end state and the initial state, and the numerator is the internal resistance difference between
the end state and the current state. In electric vehicles, the change of SOH is characterized by the increase of internal resistance.
In this case, the SOH reflects energy capability. In electrochemical energy storage systems, the change of SOH is
characterized by capacity degradation. In this case, the SOH reflects power capability [24]. In addition, some scholars have
given the definition of other cell SOH. For example, the SOH can be quantified by monitoring the recyclable lithium ions or
solid-phase diffusion time of positive lithium ions [25, 26]. Due to the nonlinear and complex characteristics of LIBs, the
effective estimation of SOH in the energy storage system is a great challenge.

In recent years, the estimation algorithms of SOH include direct measurement method and indirect analysis method. On
the one hand, SOH is directly obtained through instruments and experiments. Direct measurement method mainly includes
Coulomb counting method and electrochemical impedance spectroscopy (EIS) method [27]. The core idea of Coulomb
counting method is to calculate SOH through current integral and SOC difference under a complete constant current
discharge condition. However, because the method strongly depends on the SOC difference and current integral, the
measurement error will gradually accumulate [15, 28]. The EIS method obtains the charge transfer resistance and SEI film
resistance inside LIBs through the excitation voltage and response current [23, 29]. And some researchers believe that the
above-mentioned resistances have the potential to estimate SOH [30]. Although the EIS method has high accuracy in
obtaining SOH, the related tests are complex [31, 32]. In addition, the direct measurement method also includes internal
resistance measurement method [33], cycle count method [34] and destructive test method [35]. However, all the above-

mentioned direct measurement methods cannot be applied to complex energy storage systems.



On the other hand, the indirect analysis method is to estimate SOH indirectly through relevant parameters. This method has

gradually become a research hotspot in recent years due to its own advantages. The indirect analysis method includes data-

driven method, physical model-based method and hybrid model-based method. Among them, the data-driven method does

not establish a meaningful model, but extracts information related to the SOH for relevant calculation. Data-driven method

for SOH estimation can be divided into two categories: machine learning-based (ML-based) method and differential analysis-

based (DA-based) method. The ML-based method estimates SOH by extracting useful information and using ML technology

[36]. Among them, the extracted feature data is called health indicators (HIs). In practical research, HIs should be highly

correlated with SOH. How to select appropriate Hls is the key to estimate SOH in ML-based method. The core idea of ML

method is to construct corresponding model through data learning and identification.

ML-based method includes artificial neural network (ANN), support vector machine (SVM) and relevant vector machine

(RVM). ANN can simulate brain behavior and has strong nonlinear mapping ability [37-39]. Various recent papers have

divided ANN method into traditional ANN method and DL method. And they have been widely used in estimating SOH of

LIBs [40]. Traditional ANN generally refers to feedforward neural network (FFNN) [41], while deep learning (DL) includes

recurrent neural network (RNN) [42], deep neural network (DNN) [43] and convolutional neural network (CNN) [44]. For

the FFNN, Pan et al. used the terminal voltage during constant current charging as the input of FFNN to estimate the SOH

of LIBs [45]. The RNN includes Elman neural network (ENN) and long short-term memory (LSTM). For the ENN, Chen

et al. extracted Hls related to battery degradation [46]. And the HIs were used as the input of ENN model to estimate SOH.

Forthe LSTM, Lee et al. estimated SOH by establishing a multi-layer LSTM neural network model [47]. Besides, the LSTM

model are divided into normal, caution and fault based on SOH estimation results. For the CNN, Shen et al. proposed a cell-

level online SOH estimation method for LIBs based on deep convolution neural network (DCNN) and operating parameters

[48]. It is worth noting that in this literature, the inputs of SOH estimation model are directly measurable data, including

voltage, current and charging capacity. Therefore, the SOH estimation method proposed in this literature belongs to a DL-

based end-to-end method. For the DNN, Lee et al. developed a DNN model suitable for high temperature conditions to



estimate SOH based on the discharge voltage data [49]. The core idea of SVM is to find some support vectors that can
describe the system [50]. On this basis, the nonlinear model can be transformed into a linear model by using regression
algorithm. In the field of SOH estimation, Nuhic et al. optimized a SVM model by considering the change of temperature,
SOC and charge-discharge rate [51]. In addition, Liu et al. established a model based on indirectly enhanced HIs and support
vector regression [52]. The basic idea of RVM is similar to that of SVM, but RVM adopts a probability-based approach.
From the perspective of optimizing the relevant vectors and improving the His, Wang et al. [53] and Li et al. [54] constructed
two novel RVM models for SOH estimation, respectively.

The core idea of the DA-based method is to obtain the characteristics related to SOH degradation from the differentiated
curves of LIBs. In recent years, DA-based methods such as incremental capacity analysis (ICA) method and differential
voltage analysis (DVA) method have been widely used in the research of battery degradation mechanism and estimation of
SOH [55]. The ICA method and the DVA method estimate the SOH by extracting features such as peak value, amplitude,
and envelope area of the curve [56]. For example, based on incremental voltage difference, Naha et al. indicated a SOH
estimation method by introducing a feature vector composed of the difference between voltage and temperature [57].
Compared with ML-based method, DA-based method can directly reflect the degradation of LIBs from the differentiated
curves. However, DA-based method highly depends on the complete low-rate constant current condition. Therefore, this
method is not suitable for actual energy storage conditions.

Physical model-based SOH estimation method includes equivalent circuit model-based (ECM-based) method and
electrochemical model-based (EM-based) methods. ECMs have clear physical meaning and simple mathematical
expressions [58]. In addition to the common Rint model, Thevenin model, second-order RC model, PNGV model and GNL
model, there are many forms of ECMs [59]. For example, based on the second-order RC model, Zeng et al. established an
improved second-order RC model by adding high capacitance and current-controlled current source [60]. On the basis of
Thevenin model and open-circuit voltage lag characteristics, He et al. proposed an equivalent hysteresis model with variable

parameters [61]. Hu et al. compared the evaluation indexes of 12 ECMs under different conditions and temperatures, and



believed that the first-order RC model with hysteresis effect is most suitable for lithium iron phosphate battery [62]. After
establishing the ECM model, it is necessary to identify the model parameters. ECM parameter identification methods include
curve method of fitting comparison and least square (LS) method [63]. In the curve method of fitting comparison, the pulse
current test is indispensable. Therefore, it can only be used for offline identification. The LS method continuously updates
the model parameters according to the error between the model output and the actual output to obtain the optimal solution
[64]. Rijanto et al. [65] and Shi et al. [66] adopted two different RLS algorithms to identify ECM parameters. After parameter
identification, filtering algorithm is needed to estimate SOH. The state space model is established by constructing the state
equation. And the SOH is solved dynamically and iteratively by using the filtering algorithm. At present, common filtering
algorithms include Kalman filtering and particle filtering [67, 68]. For example, Ling et al. proposed a co-estimation method
of state of charge (SOC) and SOH by combining fractional second-order RC model and double extended Kalman filtering
algorithm [69]. Based on the fractional second-order RC model, Ma et al. used a multi-innovations unscented Kalman filter
and a unscented Kalman filter for co-estimation of SOC and SOH [70]. Bi et al. developed a SOH estimation method based
on second-order RC battery pack ECM and genetic resampling particle filtering algorithm [71].

At present, the common EMs used to estimate battery states include pseudo-two-dimensional (P2D) model and its
simplified models. Among them, the P2D model is difficult to be applied to practical engineering because of its complex
calculation. The simplification methods of the P2D model are mainly divided into two types. The first simplification method
is to reduce the order and expression of the formula from a mathematical point of view. For example, Deng et al. reduced the
P2D model by using the principle of polynomial approximation [72]. Lee et al. used the discrete-time realization algorithm
to reduce the order of five partial differential equations describing the porous electrode theory [73]. Another simplification
method is to simplify the structure or parameters of the model. Among them, the SP model is the most representative. The
SP model is an EM with the most simplified parameters and structure [74]. Compared with the P2D model, the calculation
process of the SP model is simplified, but the simulation effect is poor at high rates. Based on the SP model, a series of

improved models are developed. For example, by considering the influence of electrolyte on output voltage, Grandjean et al.



developed a SP model with electrolyte [75]. Besides, Mehta et al. proposed an extended SP model by considering the spatial

variation of overpotential and open-circuit potential [76]. In addition, there are other simplified models such as electrode

averaged model based on kinetic reaction [77]. Similarly, after the appropriate EM is established, the method based on the

EM also needs to identify the model parameters. Due to the complexity and diversity of EM parameters, the commonly used

parameter identification method is multi-objective optimization algorithm. For example, Wu et al. identified the maximum

solid-phase lithium-ion concentration of positive and negative electrodes through linear decreasing weight-particle swarm

optimization algorithm [78]. Moura et al. developed an adaptive partial differential equation observer to obtain the internal

resistance and the number of recyclable lithium ions [79]. After identifying the electrochemical parameters, it is also

necessary to combine the filtering method for SOH estimation. When the filtering method based on EM is used to estimate

the SOH, the capacity or internal resistance is selected as the state variable. Zheng et al., Zou et al. and Bartlett et al. estimated

the internal resistance or capacity to obtain the SOH through proportional integral observer, multi time scale observer, and

extend Kalman filter-particle filter, respectively.

Data-driven methods do not require establishing any meaningful models, but they are strongly dependent on the selection

of Hls and training methods. Besides, the ECM-based methods have low estimation accuracy, and the EM-based methods

are complex. Therefore, the hybrid model-based method has become a hot topic in related research fields during recent years.

The hybrid model-based method is divided into five types: direct measurement combined with physical model-based method,

direct measurement combined with data-driven method, data-driven combined with physical model-based method, different

physical model-based methods combined, and different data-driven methods combined. For the first type, Xiong et al.

estimated SOH based on EIS and dual polarization model [80]. For the second type, Zenati et al. proposed a method based

on EIS and fuzzy logic to estimate SOH [81]. For the third type, Che et al. [82] and Park et al. [83] believed that SOH can be

estimated by combining ECMs and data-driven methods. Che et al. used an ECM and a nonlinear autoregressive neural

network with exogenic input to estimate SOH. Park et al. developed a SOH estimation method based on Thevenin ECM and

multivariate autoregression model. For the fourth type, Chu et al. established a model to estimate SOH by combining the



electrochemical mechanism and the ECM with constant phase element [84]. For the last type, Chen et al. developed a SOH
estimation method based on autoregressive moving average model and ENN. Besides, Fan et al. developed a deep learning-
based end-to-end SOH estimation method [85]. In this method, the directly observed voltage and current are taken as the
input of the gate recurrent unit-convolutional neural network (GRU-CNN), and the SOH is taken as the output of the network.
Kaur et al. studied three end-to-end SOH estimation methods from FFNN, CNN and LSTM [86]. And the superiority of
LSTM-based end-to-end SOH estimation method is verified. The end-to-end SOH estimation method omitted the extraction
of Hls in the learning process [87]. Manual extraction of HIs is expensive. Correspondingly, if the extracted HIs are important
for battery analysis, it is not suitable to use the end-to-end model. The basis of using deep learning-based end-to-end model
for SOH estimation is sufficient training data [88]. Under the premise of sufficient data and no need for Hls, the deep learning-
based end-to-end model has broad prospects.

In this paper, a novel hybrid model-based SOH estimation method is proposed. Firstly, the SP model is established, and the
NDS-BFO algorithm is used to identify the maximum solid-phase lithium-ion concentration of positive and negative
electrodes during degradation process. Using the above parameters as HIs can improve the versatility of the NN model.
Secondly, the high correlation between the parameters and the capacity is analyzed. Finally, under the self-designed working
conditions, the Hls are used as the input of SA-BP model to estimate the long-term SOH of energy storage LIBs. The
experimental results show that, compared with the algorithm before the improvement, the results of the proposed algorithm
have obvious advantages in various performance evaluation indicators. Moreover, compared with some existing ML-based
SOH estimation methods, the proposed algorithm demonstrates better performance on multiple indicators.

The clear motivation for proposing this novel algorithm includes two parts. Firstly, the estimation results of SOH can
provide references for updating the cells in the energy storage power station. When the SOH difference between one cell and
other cells is too large, it is necessary to replace this cell for avoiding the overall performance degradation. Secondly, the

model applicable to various working conditions can improve the efficiency of SOH estimation. At present, common



estimation models can only be applied to a single working condition. To solve this problem, this paper extracts His that can

be applied to a variety of working conditions. And the Hls are taken as the input of SOH estimation model.

Furthermore, the work of this paper has the following novelties or superiorities with respect to other relevant work. Firstly,

the proposed SOH estimation method is relatively long-term compared with the co-estimation method of SOC and SOH.

Common co-estimation methods of SOC and SOH only concern about the SOH change in a charge-discharge cycle. And

this is of little significance for the continuously degradation LIBs in the energy storage power station. Secondly, this paper

establishes a non-end-to-end neural network that needs to extract Hls. The premise of using end-to-end neural network model

is massive training data. For this paper, the data used for model training is not enough to support the end-to-end model. The

extracted Hls are the maximum solid-phase lithium-ion concentration of positive and negative electrodes. And they are of

great significance for exploring the piezo-electro-chemical coupling mechanism, optimizing the existing commercial

electrode design, and improving the battery performance. Among them, the piezo-electro-chemical coupling mechanism can

reflect the battery degradation from the material. In addition, the optimization of electrode design and improvement of battery

performance are linked to economy. Therefore, this work can not only accurately estimate long-term SOH, but also provide

parameters related to other battery performance analysis. Thirdly, compared with selecting voltage, current and charge

discharge time as HIS, using the maximum solid-phase lithium-ion concentration of positive and negative electrodes as the

model input can enhance the universality of neural network. Because the model using the above electrochemical parameters

as input does not need to retrain the network with the change of working conditions. Fourthly, this work adopts self-designed

energy storage working condition. Its inspiration comes from the peak-cutting and valley-filling conditions of actual energy

storage power stations. At present, in other relevant references, the working conditions of energy storage LIBs are mostly

vehicle working conditions. And this is not in line with the actual energy storage environment. Fifthly, in order to improve

the search efficiency of the identification algorithm and avoid the algorithm falling into the local optimum as far as possible,

this paper introduces a nonlinear decreasing adaptive chemotaxis behavior step size based on the BFO algorithm. Lastly, to

improve the training accuracy of the back propagation neural network (BPNN), SA algorithm is introduced to optimize the



BPNN. Based on the BPNN, the SA-BP model introduces inferior initial parameters of BPNN through SAalgorithm, so that
the initial parameters of the network can avoid local optimization as far as possible.

Current demand and future development encourage to carry out this investigation. These two aspects can also well explain
the impact and significance of the work on related research fields. The current demand is the clear motivation mentioned
above. At current stage, manually updating the cell according to SOH can help energy storage stations maintain the normal
operation. The future development is to optimize and improve LIBs in terms of materials. In the future, using more superior
LIBs can improve the overall performance of the energy storage power station. By studying a series of electrochemical
parameters, LIBs with superior performance can be manufactured.

The remainder of this paper is organized as follows. Section 2 presents the mathematical analysis, which includes the
establishment of SP model, NDS-BFO parameter identification method, Pearson correlation analysis (PCA) method, grey
correlation analysis (GRA) method and SA-BP modeling. Wherein, PCA and GRA methods are used to analyze the
correlation and relational degree. The information of the experimental platform and results is described in Section 3. Finally,

Section 4 summarizes the important conclusions and proposes the directions for future work.

2. Mathematical analysis

2.1. The establishment of SP model

LIB is a time-varying nonlinear energy storage system. Its internal electrochemical reaction mechanism is
difficult to describe accurately. Therefore, in order to balance the computational complexity and model accuracy,
it is important to establish a suitable battery model. Because the experiments are carried out under low-rate
conditions, the establishment of the SP model can describe the dynamic characteristics of LIBs accurately. The
SP model is a simplified electrochemical model that utilizes a single particle to characterize the battery. The

diagram of the SP model is shown in Figure 1.
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Figure 1 Schematic diagram of SP model for LIBs

In Figure 1, x represents the thickness direction of the electrode and r represents the radius direction of the active
particles in the electrode. Ly, Lsep and L, are the thicknesses of the negative electrode, the separator and the positive
electrode, respectively. In the SP modeling, solid-phase diffusion, reaction polarization and ohmic polarization
are the main processes. The molar reaction flux density expression at the boundary of the positive and negative
current collectors is shown in Equation (1). In this paper, p represents the positive electrode, and n represents the

negative electrode.
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Among them, | is the battery current, Rs; represents the radius of the particle, F represents the Faraday constant,
&i represents the material porosity, and &:; represents the filling substance volume fraction. Besides, | and A; are
the plate thickness and the effective area of pole piece, respectively.

From the physical mechanism of LIBs, it can be seen that the terminal voltage U: can be calculated by the
difference between the positive solid-phase potential ®s, and the negative electrode solid-phase potential ®s.
Combined with the main process of the SP modeling, the calculation formula of terminal voltage is shown in
Equation (2).

U =@, ,~ D, =E,(6,)+%p+ermp = (En () +Tacin * Totmn ) = E + et + et 2)

Among them, E; represents the positive or negative open-circuit potential, &; is the utilization rate of positive or

negative electrode, E is the battery open-circuit potential. 77acti and 7onm,;i are the reaction polarization potential and



ohmic polarization potential of positive or negative electrode, respectively. In addition, #a and nom are the
reaction polarization overpotential and ohmic polarization overpotential, respectively. Wherein, the expression of

E is shown in Equation (3).

E=E,(6,)-E.(6)
Hp — Cs,surf,p ’en — Cs,sun‘,n (3)
C C
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Among them, Cssurti and Csmaxi represent the surface solid-phase lithium-ion concentration and the maximum
solid-phase lithium-ion concentration, respectively. From Equation (3), it can be known that E is an expression
about &, and 6. The solid-phase diffusion process of lithium ions can be described by applying Fick's second law
in a spherical coordinate system. By using the three-parameter parabolic equation of solid-phase diffusion, Cssur,i
can be obtained. After introducing the average solid-phase lithium-ion concentration Csavg,i, Cssurt,i and the average
particle concentration flux gsav,i, the solid-phase diffusion equation can be simplified by the three-parameter

parabolic method, as shown in Equation (4).

t
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Among them, ¢soi and Cssurro,i represent the initial average solid-phase lithium-ion concentration and initial
surface solid-phase Li-ion concentration. Ds; and r represent the solid-phase lithium-ion diffusion coefficient and
the radial distance coordinate of the particle. In Equation (2), 7ac: can be calculated by Equation (5).
Mact = Mact,p ~ Mact.n (5)

Among them, 7act,p and 7actn represent the reaction polarization overpotential of positive electrode and negative



electrode, respectively. The electrochemical reaction process of lithium ions at the solid-liquid interface in the

positive and negative electrodes of LIBs can be described by Butler-Volmer kinetic equation, as shown in Equation

(6).

I = 1 exp(ﬁ} _exp(_ﬁj
Ji JO RT nact,i RT 77act,i ,i _ p, n (6)
0.5 0.5

jO = ki (Cs,maxyi —Cyurf i (t))OlS (Cs,surf,i (t)) | G

Among them, the value of « is 0.5. Besides, ki, Ce, R and T represent the average electrode reaction rate constant,
the liquid lithium-ion concentration, the universal gas constant and the battery temperature, respectively. By

changing the form of Equation (6), the expression of 7ac,i can be obtained, as shown in Equation (7).

Nact)i = Zgln(mi +\/mi2 +1)
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According to the definition of SP model, the ohmic polarization process is mainly related to the solid electrolyte
interphase (SEI) film. Therefore, the expression of #onm is shown in Equation (8).
Torm = Mohm,p ~ Monm,n = RSEI,ijp - RSEI,nan (8)
Among them, Rseip and Rsein represent the SEI resistance of positive electrode and negative electrode,
respectively. By combining Equation (2), (3), (7) and (8), the terminal voltage expression of SP model is shown

in Equation (9).

2
+2RT In(mp+«/mp +1)
F In(mn+1/mn2+1)

During the charge-discharge process, the SP model can be established, and the internal parameters can be solved

+ RSEl,ijp - RSEI,n an (9)

according to this model. The block diagram of the SP model is shown in Figure 2.



Positive electrode

Solid-phase diffusion g gy Op
Input | : jo == equation of positive e 1/Csmaxn =5
| electrode bl

En(V)

05,p(100%)

Butler-Volmer kinetic equation of
positive electrode

Ohmic polarization process induced
by SEI film in the positive electrode

Solid-phase diffusion ¢ urin On ;
jn = equation of negative == 1/Csmaxp —>
electrode .

Butler-Volmer kinetic equation of
negative electrode

Ohmic polarization process induced OutputU

by SEI film in the negative electrode

Negative electrode

Figure 2 The block diagram of the SP model

As can be seen from Figure 2, the block diagram of the SP model is described by the reaction of positive and
negative electrodes. Among them, | and U represent the input current and output voltage. In addition, the two
curve graphs included in Figure 2 represent the change of the positive/negative open-circuit voltage with the
utilization rate of the positive/negative electrode.

2.2.  NDS-BFO parameter identification method

In this paper, Csmaxp and Csmaxn are the two most importance electrochemical parameters, and their changes are
directly related to the SOH of LIBs. And the NDS-BFO algorithm is selected to identify them. The main idea of
identification is to minimize the variance between the measured terminal voltage and the simulated terminal

voltage. Therefore, the objective function of identification is shown in Equation (10).

min J (6 Z[V—f o ] 0= (Cq max.p+ Comacn ) (10)

Among them, k represents the sampling time, Vi represents the terminal voltage, I« represents the current through
the LIB, f(l;, #) represents the fitting terminal voltage, 6 represents the set of parameters to be identified, and n

represents the time at the end of sampling.



The core idea of BFO algorithm is that bacteria move away from or tend to the chemical substance by obtaining
changes in the concentration of the chemical substance around it, so as to find the optimal solution. In a search
space, the quality of bacteria can be determined by the fitness value. In this paper, Equation (10) is used as the
fitness function of the BFO algorithm. The bacteria with small fitness values are healthy, and the corresponding
identification results are accurate. The BFO algorithm simulates four intelligent behaviors of chemotaxis,
swarming, reproduction, and elimination and dispersal.

The chemotaxis includes two behavior modes of tumble and swim. Tumble means bacteria moving in a new
direction, and swim means bacteria keep moving in the same direction. The mode bacteria select to move depends
on changes in surrounding nutrient concentrations. If the maximum number of movements is reached, the

chemotaxis of the bacteria is stopped. After each chemotaxis, the updated value of 8is shown in Equation (11).

o' (j+1k,1)=0' (j.k,1)+C(i)o(i)
A(i) (11)
AT(i)A (i)

Among them, i represents the number of bacteria, j represents the number of chemotaxis behavior, k represents

o(i)=

the number of reproduction behavior, | represents the number of elimination and dispersal behavior, C represents
the step size of chemotaxis behavior, ¢ represents the direction vector of unit length, and 4 represents a unit vector
in random direction. In the process of bacterial foraging, individuals use attractants and repellants to achieve

swarming behavior. The expression of swarming behavior among bacteria is shown in Equation (12).

3.(6)= 23; ()= izsl‘{—da exp(—wamZD;(am -6 )ZH

(12)

Jec s the influence value of signal transmission between bacteria, d, is the amount of attractant, w, is the diffusion
rate of attractant, D is the search space dimension, On' is the component of bacteria i in m space, 6n is the

component of other bacteria in m space, h, is the amount of repellant, and w: is the diffusion rate of repellant.



Because the swarming behavior is introduced into the chemotaxis behavior, the corresponding fitness value of
bacteria is updated, as shown in Equation (13).
J(i, j+1k 1) =3(i, j,k,l)+Jcc(¢9i (j +1,k,|)) (13)
Among them, J is the fitness value. By Equation (13), bacteria can achieve the purpose of swarming after each
chemotaxis behavior. After a period of foraging, some bacteria with weak ability to find food will be naturally
eliminated. In order to maintain the same population size, the remaining bacteria will reproduce. This phenomenon
is called reproduction in the algorithm. The health function is defined as the sum of fitness values during a periodic

chemotaxis behavior, and its expression is shown in Equation (14).

N, +1

=230 jkI) (14)
j=1

Among them, N is the total step number of chemotaxis, and Jy is the health function of bacteria. The smaller
the value of Jy is, the healthier the bacteria is. On this basis, half of the bacteria with poor health are eliminated,
and the other half of the bacteria are reproduced. Changes in the environment may lead to the migration or
elimination of bacterial populations. This phenomenon is called elimination and dispersal. In order to simulate
this process, after several generations of reproduction, the bacteria are randomly dispersed with probability ped.
The dispersed bacteria may be closer to the global optimal solution.

Aiming at the problem that the BFO algorithm may fall into local optimum, a nonlinear decreasing chemotaxis
step size is proposed. The method can improve the search efficiency and avoid local optimization as much as
possible. In this paper, a cosine function between 0 and 7 is used to describe the nonlinear change in the step size

of the chemotaxis behavior. The improved step size expression is shown in Equation (15).

. C—Cu 7 . Cout+Cu
C i — _—max min ~gg Z j 4 —max min
(i.J) == NI A (15)

c

Among them, Cmax and Cwin are the maximum and minimum step size of chemotaxis behavior, respectively. It

can be seen from Equation (15) that the function decreases slowly at the beginning, which is beneficial for



exploring the optimal solution with a larger step size at the initial stage of the algorithm. In addition, the decreasing

rate of the function is also slow at the end, which is beneficial for a stable local search at the last stage of the

algorithm to find the optimal solution. The steps of NDS-BFO algorithm are shown in Table 1.

Table 1 Overview of NDS-BFO algorithm steps
Stepl The parameters in the NDS-BFO algorithm and the parameters to be identified are initialized.

Step2 The nonlinear decreasing step size is introduced into chemotaxis behavior.
Step3 The objective function is reduced by optimizing the parameters of chemotaxis behavior.
Step4 The parameters are screened by bacterial reproduction behavior.

Steps The parameters are randomly dispersed with a certain probability through the elimination and
e
P dispersal behavior.

Stens The value of the objective function corresponding to each parameter is calculated, and the
tep
minimum parameter of the objective function is the identification result.

In Table 1, Step2 is the key step for improvement. Through the above steps, the optimal value of the parameter
to be identified can be found as accurately as possible.
2.3. PCA and GRA methods

The selection of appropriate Hls is the primary issue when using NN models for SOH estimation of LIBs. In
this paper, PCA and GRA methods are used to analyze the correlation and relational degree between the Hls and
the SOH. Because the capacity definition method of SOH is adopted, the reference sequence can be replaced by
capacity instead of SOH. PCA method is widely used to detect the linear correlation between two continuous
variables. The core idea is to calculate the Pearson correlation coefficient. The Pearson correlation coefficient is

defined as the quotient of covariance and standard deviation between two variables, as shown in Equation (16).

Coov(X,Y)  E((X=m)(Y-p)) E(XY)-E(X)E(Y)
Pxy = = = (16)

0,0, 0,0y \/E(X2>—E2(X)\/E(Y2)_E2(Y)

Among them, X and Y represent two comparative sequences, p represents Pearson correlation coefficient, cov

represents covariance, o represents standard deviation and E represents mathematical expectation. Pearson

correlation analysis has the advantage of fast calculation speed, but Pearson correlation coefficient can only

measure the linear correlation between variables and lack the expression of other relationships. Therefore, the

GRA method is introduced, and its basic idea is to reflect the relational degree between sequences by comparing



the similarity of curve shapes, which is a supplement to the shortcomings of Pearson correlation coefficient. The

steps for the GRA method are shown in Table 2.

Table 2 Overview of GRA method steps

The reference and comparison sequences are determined, as shown in Equation (17).

Stepl X, ={x (k)[k=12,..,n}

Y ={y(k)|k=12...n} (@7
Dimensionless processing is performed, which is shown in Equation (18).
Step2 X
Xirans = W(X) (18)

The relational coefficient between the reference sequence and the comparison sequence is
calculated, as shown in Equation (19).
Step3 minmin A; (k) + pminmin A, (k)
Ai(k)+pmiinmkinAi(k) (19)
8, (k)= y(K) =%, (k)]

The relational degree between the reference sequence and the comparison sequence is calculated,

as shown in Equation (20).

q:%i;(k),(kzl,z...,n) (20)

Step4

Among them, X and Y represent the comparison sequence and the reference sequence, respectively, i is the
number of the comparison sequence, k is the number of each point, n represents the sequence length, x is a certain
value in the sequence, xwans IS the dimensionless value of x, & is the relational coefficient, p is the resolution
coefficient, and r is the relational degree.

2.4.  SA-BP modeling

From the perspective of bionics, the NN model simulates the structure and characteristics of animal brain, and
has a good effect on the description of nonlinear systems such as LIBs. Back propagation neural network is a
multi-layer feedforward NN with error back propagation, which is often used in online estimation because of its
simplicity. During the process of reaching the optimal value of the objective function, the forward propagation of
the signal and the backward propagation of the error run through the whole BP model. In this paper, a three-layer
BP model composed of input layer, hidden layer and output layer is selected, and its structure diagram is shown

in Figure 3.



...............................................

Figure 3 The structure diagram of the three-layer BP model

Neurons are the basic structures in NN models. It can be seen from Figure 3 that the neurons in the adjacent
layers are connected to each other, and the neurons in the same layer are independent of each other. The input and

output relationship between adjacent layers is shown in Equation (21).

net. = n W, X —6
i IZ:; j (21)
y; = f(net;)

Among them, net; represents the value of weighted input to neuron j, w;; represents the weight from neuron i to
neuron j, Xi represents the signal transmitted from the last neuron, & is the threshold, f() is the activation function,
y; represents the output value of neuron j, and n represents the number of neurons received by neuron j. After
completing the forward propagation of the data, the estimated output yspx Will have a large gap with the expected
output y:x. Therefore, the square error function is selected as the loss function of the BP model, and the total error

E can be obtained through the loss function, which is shown in Equation (22).

2

Z(yt,k - yBP,k) (22)

k=1

E=

N |-

Among them, k is the number of the sample, and N is the number of neurons in the output layer. The connection

weights are adjusted by learning rules. Common learning rules include gradient descent method, Gauss-Newton



method, and Levenberg-Marquardt (L-M) method. The corresponding calculation formula of the weight change

is also different by using different learning rules.

Because the BP model might obtain the local optimal solution of the weight, the SA algorithm is introduced to

optimize the calculation process of the weight. The basic idea of SA algorithm originates from the annealing

process of solid matter in physics. In the search process, the algorithm adds the escape probability to introduce

inferior solutions, so that the results can avoid local optimization as far as possible. The steps of the SA algorithm

can be summarized as shown in Table 3.

Table 3 Overview of SA algorithm steps

Stepl

Step2

Step3

Step4d

Step5

Step6

Step7

The temperature T, the solution S, and the number of iterations L are initialized.
A new solution Snew is randomly selected near the current optimal solution S, and the cost function
C(S) and C(Snew) are calculated. The expression of the C is the same as Equation (22).

The cost function increment AC is calculated, as shown in Equation (23).
AC =C(S,,,)—C(S) (23)
According to the Metropolis criterion, Snew is accepted as the optimal solution with probability P,
otherwise S is maintained as the optimal solution. The expression of P is shown in Equation (24).
1 ,AC<O0

P=1 ax (24)
e T,AC>0

The iteration of L is carried out at the current temperature, that is, the inner loop of Step2 to Step4

is performed.

The temperature T is decreased at a certain speed, as shown in Equation (25).

Tew=AT,0<A<1 (25)

After updating the temperature, the outer loop from Step2 to Step6 is performed until the

termination condition is met, and the current solution is output as the optimal solution.

Among them, 4 is the temperature drop rate, and Trew iS the temperature value after one update. In this paper, the

main function of SA algorithm is to optimize the initial parameters of BP model. The weights and thresholds after

iterative update are adopted as a new starting point for BP training. Therefore, the whole process of the SA-BP

model can be described in Table 4.

Table 4 Overview of SA-BP model

Stepl
Step2
Step3

The structure and parameters of the SA-BP model are initialized.
The BP parameters are optimized by Table 3.

The optimal weights and thresholds are input into the BP model.




Step4 The training of the SA-BP model is carried out to obtain the estimation results.

Combined with the establishment of SP model, NDS-BFO parameter identification method, PCA method, GRA
method and SA-BP modeling, the flowchart of the long-term SOH estimation for LIBs proposed in this paper is

shown in Figure 4.
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Figure 4 The flowchart of the long-term SOH estimation for LIBs

As can be seen from Figure 4, the proposed algorithm combines the EM and the data-driven method, and uses

the HIs with high correlation of capacity as the BP input to obtain the SOH during the degradation process.

3. Experimental analysis

3.1. Test platform and experimental setup

In this paper, four 26650 lithium iron phosphate batteries with rated capacity of 2.3Ah were used for experiments.
And all the operation steps are strictly carried out under a power battery high-rate charge-discharge tester
(BTS750-200100-4) and a temperature-controlled thermostat (BTKS5-150C). In addition, the experimental data
is transmitted to the host computer through charge-discharge tester for storage. The structure of the experimental

platform is shown in Figure 5.
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Figure 5 The structure of the experimental platform

The temperature of the thermostat is set to 25 °C under all experimental conditions. The personal computer (PC)
for performing all algorithms is configured as follows: Intel (R) Core (TM) i5-9500 CPU 3.00 GHz and NVIDIA
GeForce GT 710 GPU with 24 GB memory. The experiments to be performed include the 0.1 C constant current
test of one cell, the 0.5 C constant current degradation experiment of two cells, and the energy storage degradation
experiment of one cell. Under the 0.5 C constant current degradation experiment, the cell used for model training
is marked Celll, and another cell is marked Cell2. The cell under the energy storage degradation experiment is
marked Cell3. In addition, the cell under the 0.1 C constant current degradation experiment is marked Cell4.
Among them, the 0.1 C constant current condition is used to verify the SP model and obtain the positive open-
circuit potential expression. Besides, the energy storage degradation condition is obtained by the actual peak-
cutting and valley-filling conditions. In the above expression, C represents the battery charge-discharge rate. The

current curve within one cycle in the energy storage degradation experiment is shown in Figure 6.
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Figure 6 The current curve within one cycle in the energy storage degradation experiment

In Figure 6, the current during charge process is negative, and the current during discharge process is positive.
And it is necessary to obtain the maximum discharge capacity every ten cycles.
3.2. Identification results and model verification

As can be known from Section 2.1, it is essential to get the expressions of positive and negative open-circuit
potential for the SP model establishment. The negative open-circuit potential can be expressed by empirical
formula. Under the 0.1 C constant current test, the expression of positive open-circuit potential can be fitted by
combining the empirical formula and the difference of voltages. In this paper, the expressions of negative and

positive open-circuit potential are shown in Equation (26).

0.1088 0.0854
6,,+0.0117 0,, —0.5692J

-(6,,-0.1958 0,,-1.0571
E, (6,,)=0.6379+0.5416e ****"* +0.044 tanh [()J —0.1978tanh [j

0.0529 0.0875 (26)

E, (6, ,)=509.0496, ,° - 2584.6780), / +5232.1126, ,° —5526.4540, ,° +3311.6220), ,*
-1138.2720, ) +214.7630, , ~19.7520, , +4.0857

—0.6875tanh[ j—0.0l?Stanh(

According to Equation (26), the curves of positive and negative open-circuit potential with the changes of

utilization of electrodes can be obtained, as shown in Figure 7.
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(A) The open-circuit potential curve of the positive electrode
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Figure 7 The open-circuit potential curves of the positive and negative electrodes

It can be seen from Equation (9) that some electrochemical parameters need to be obtained for SP modeling.

The specific values of the relevant parameters are shown in Table 5.

Table 5 Some electrochemical parameters in the SP model

Parameter type Symbol Value (25°C) Symbol Value (25°0)
Faraday constant (C/mol) F 96487 F 96487
Universal gas constant (J/mol/K) R 8.314 R 8.314
Battery temperature (K) T 298.15 T 298.15
Plate thickness (m) I 70x106 In 34x106
Effective area of pole piece (m?) Ap 0.17 An 0.17
The radius of the active particle (m) Rsp 3.65x10°8 Rsn 3.5x10®
Solid-phase diffusion coefficient (m?/s) Dsp 1.18x1018 Dsn 2x1014
Ohmic resistance induced by SEI film (Q-m?) Rseip 0.001 RsEin 0.001
Material porosity & 0.3 én 0.47
Filling substance volume fraction &p 0.26 en 0.03
Average electrode reaction rate constant (m?5mol©5s1) kp 3x10°% kn 8.19x1012
Liquid-phase Li-ion concentration (mol/m?3) Cep 1000 Cen 1000
Initial surface solid-phase Li-ion concentration (mol/m?) Cs,surf,0,p 3900 Cs,surf,0,n 14870

Combining Equation (26), Table 5 and Equation (9), a terminal voltage expression only for Csmax,p and Csmax,n can

be obtained. When using the NDS-BFO algorithm for parameter identification, the relevant parameters are set as

shown in Table 6.

Table 6 The relevant parameters of NDS-BFO algorithm

Parameter Symbol Value
The maximum positive solid-phase Li-ion concentration (mol/m?3) Cs,max,p [16000,27000]
The maximum negative solid-phase Li-ion concentration(mol/m3) Cs,max.n [23000,36000]
Total number of bacteria 20
Total steps of chemotaxis Ne¢ 100
The maximum value of step size for chemotaxis Cmax 100




The minimum value of step size for chemotaxis Chin

2
The maximum step for each progress in chemotaxis Ns 5
Number of reproduction Nre 8
Number of elimination and dispersal Ned 2
probability of elimination and dispersal Ped 0.25
The amount of attractant da 0.05
The diffusion rate of attractant wa 0.05
The amount of repellant hr 0.05
The diffusion rate of repellant r 2

The identification results of Csmaxp and Csmaxn iN €ach degradation cycle can be obtained by combining Equation
(26), Table 5, Equation (9) and Table 6. Because the electrochemical parameters of Celll are used to train the
SOH estimation model, the relevant identification process should be described in detail. To verify the
improvement effect of NDS-BFO algorithm, the identification results and fitness values of NDS-BFO algorithm
and BFO algorithm are analyzed. In the first degradation and last degradation of Cell1, the analysis results using

NDS-BFO algorithm and BFO algorithm are shown in Figure 8.
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Figure 8 Identification results of NDS-BFO algorithm and BFO algorithm

In Figure 8, S1 and S2 represent NDS-BFO algorithm and BFO algorithm, respectively. In the first cycle, it can
be seen from Figure 8A,C that the improved algorithm converges faster when identifying Csmaxp and Csmaxn.
Besides, it can be seen from Figure 8E that in the first cycle, the fitness of the improved algorithm can converge
after 13 iterations, while the BFO algorithm needs 57 iterations to converge. On the PC used in this work, the
calculation time for BFO algorithm to reach convergence fitness is 317.18 s, and the corresponding time for NDS-
BFO algorithm is 77.36 s. In addition, the optimal fitness value of the improved identification algorithm is smaller.
In the last cycle, it can be seen from Figure 8B,D that the identification results of the two algorithms differ greatly.
This shows that the results of one of the algorithms fall into the local optimum. In addition, it can be seen from
Figure 8F that the improved algorithm has faster convergence speed and smaller fitness value. This proves that
the improved algorithm can solve the problem that the identification results of BFO algorithm are locally optimal.
All the above discussions verify the advantages of NDS-BFO algorithm compared with BFO algorithm. It is worth
noting that the fitness value obtained by the same identification algorithm increases after battery degradation. And
this result reflects that the accuracy of Csmaxp and Csmaxn Obtained by degraded SP voltage model has decreased.
Because Csmaxp and Cs max,n are input parameters for estimating SOH, the degraded SP voltage model can affect the
accuracy of SOH estimation results. In the process of battery degradation, the electrochemical parameter

identification results of Celll obtained by NDS-BFO algorithm are shown in Figure 9.
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Figure 9 The identification results of Csmaxp and Csmaxn

As can be seen from Figure 9, both Csmaxp and Csmaxn ShOw a decreasing trend with the battery degradation.

Because Celll and Cell2 are tested under the same working conditions, only the SP voltage models of Cell2, Cell3

and Cell4 are verified. Among them, Cell2 and Cell3 carry out long-term degradation experiments, so the actual

and simulated terminal voltages of these two cells in the first cycle and the last cycle are selected for model

verification. In addition, Cell4 carries out one cycle charge-discharge experiment, so the model in this cycle is

verified. The terminal voltages and the errors of Cell2, Cell3 and Cell4 are shown in Figure 10.
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Figure 10 The terminal voltages and the errors under two constant conditions

In Figure 10, U1 and U2 represent the measured terminal voltage and the simulated terminal voltage, respectively.
Compared Figure 10A with B or compared Figure 10C with D, it can be seen that, after degradation, the discharge
time during a single cycle is reduced. In addition, it can be seen from Figure 10 that the terminal voltage simulation

effects of the three cells are good. The MAEs of terminal voltages are shown in Table 7.

Table 7 The MAEs of terminal voltages

Cell First cycle Last cycle

Cell2 0.019v 0.0297vV
Cell3 0.0208V 0.0256V
Cell4 0.0078V /

It can be seen from Table 7 and Figure 10 that the accuracy of the SP voltage model decreases slightly during
the degradation process. This result reflects that the identification errors of Csmaxp and Csmaxn inCrease. Because
the above electrochemical parameters are used as the input of the SOH estimation model, their increase may

deteriorate the accuracy of the SOH estimation model. In addition, the simulation results of Cell4 are better than



that of Cell2, which confirms that the SP model has better simulation effect at lower rate.

3.3. Correlation coefficient and relational degree analysis

With csmaxp @and Csmax,n @S the comparison sequences, and taking the capacity as the reference sequence, PCA and
GRA methods are used to analyze the correlation coefficient and relational degree, respectively. Wherein, the
resolution coefficient in the GRA method is 0.5. The correlation coefficient and relational degree between above

electrochemical parameters and battery capacity are shown in Table 8.

Table 8 The correlation coefficient and relational degree

Parameter Correlation coefficient Relational degree
Cs,max,p 0.9955 0.7013
Cs,max,n 0.9966 0.7206

It can be seen from Table 8 that the correlation coefficient and relational degree are relatively high. In addition,
taking Csmaxp and Csmaxn @S HIs can enhance the versatility of the NN model. The model which takes the voltage,
current and charge-discharge time as the Hls can only satisfy the training under a specific working condition.
When the working condition changes, the trained network is no longer applicable, and a new network training is
required. This requirement is inappropriate in actual projects. However, the SOH estimation model based on Cs max,p
and ¢smaxn Can provide accurate estimation for a variety of working conditions.

3.4.  SOH analysis under complex conditions

The Celll capacity degrades to 80% of the initial state after 1360 cycles. Therefore, there are 136 groups of data
With Cs max, p @Nd Cs, max, n @S input and SOH as output. Among the 136 groups of data, 100 groups of random data
are selected as the training set of the SA-BP model, and the remaining groups are used as the test set. The initial

parameter settings in the SA-BP model are shown in Table 9.

Table 9 The initial parameter settings in the SA-BP model

Parameter Symbol Value/Type
Initial temperature (°C) To 10
Final temperature (°C) Tt 1
Temperature decay scale A 0.85
Step factor c 0.2

Markov length L 10



Number of input layer nodes / 2
Number of hidden layer nodes / 5
Number of output layer nodes / 1

Learning rule / L-M

Learning rate / 0.01

The maximum number of iterations / 100
target mean squared error / 1x10°3
The activation function of the hidden layer / Sigmoid
The activation function of the output layer / Purelin

When the number of iterations exceeds the setting maximum value, or the target mean square error meets the
requirements, the training is stopped. The weights and thresholds of the network are stored for the test set. In
addition, all the data of Celll are used as the training set, and all the data of Cell2 and Cell3 are used as the test
set. Among them, Cell2 is tested under 0.5 C constant current degradation condition, and Cell3 is tested under the

energy storage degradation condition. The output SOH and the corresponding errors of the three cells are shown

in Figure 11.
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Figure 11 SOH values and errors of test sets

In Figure 11A,C,E, S1, S2, S3 and S4 represent the actual SOH value, the estimated value of the nonlinear
decreasing step-bacterial foraging optimization-back propagation (NDS-BFO-BP) algorithm, the estimated value
of the nonlinear decreasing step-bacterial foraging optimization-Elman (NDS-BFO-EIman) algorithm and the
estimated value of the nonlinear decreasing step-bacterial foraging optimization-simulated annealing-back
propagation (NDS-BFO-SA-BP) algorithm, respectively. Among them, the parameters of EIman neural network
are set as in Table 9. In Figure 11B,D,F, Errl, Err2 and Err3 represent the estimation errors of NDS-BFO-BP
algorithm, NDS-BFO-Elman algorithm and NDS-BFO-SA-BP algorithm, respectively. The performance

evaluation indicators of different algorithms are shown in Table 10.

Table 10 The performance evaluation indicators of different algorithms

Algorithm type Celll Cell2 Celi3
RMSE:0.762% RMSE:0.909% RMSE:0.414%
NDS-BFO-BP MAE:0.668% MAE:0.772% MAE:0.339%

NDS-BFO-Elman

NDS-BFO-SA-BP

MAPE:0.738%
RMSE:0.667%
MAE:0.545%
MAPE:0.612%
RMSE:0.374%
MAE:0.288%
MAPE:0.314%

MAPE:0.872%
RMSE:0.768%
MAE:0.649%
MAPE:0.722%
RMSE:0.420%
MAE:0.336%
MAPE:0.377%

MAPE:0.371%
RMSE:0.429%
MAE:0.333%
MAPE:0.369%
RMSE:0.330%
MAE:0.265%
MAPE:0.294%

From Table 10, it can be seen that the method based on NDS-BFO algorithm and SA-BP model is obviously

better than the other two algorithms in the error indicators of RMSE, MAE and MAPE. However, the above results



can only prove the accuracy of the SA-BP model. Therefore, in order to verify the superiority of NDS-BFO
algorithm, bacterial foraging optimization-simulated annealing-back propagation (BFO-SA-BP) algorithmis used

to compare with the proposed algorithm. The output SOH of Cell2 and Cell3 and their errors are shown in Figure

(C) Estimated and actual SOH values of the third cell (D) The SOH errors of the third cell

Figure 12 SOH values and errors of test sets during degradation
In Figure 12A,C, S1, S2, and S3 represent the actual SOH value, the estimated value of NDS-BFO-SA-BP
algorithm and the estimated value of BFO-SA-BP algorithm, respectively. And in Figure 12B,D, Errl and Err2
represent the estimation errors of NDS-BFO-SA-BP algorithm and BFO-SA-BP algorithm, respectively. The

performance evaluation indicators of the two algorithms are shown in Table 11.

Table 11 The performance evaluation indicators of the above two algorithms

Algorithm type Cell2 Cell3
RMSE:0.737% RMSE:1.427%
BFO-SA-BP MAE:0.591% MAE:1.330%

MAPE:0.662% MAPE:1.471%
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RMSE:0.420% RMSE:0.330%
NDS-BFO-SA-BP MAE:0.336% MAE:0.265%
MAPE:0.377% MAPE:0.294%

It can be seen from Table 11 that the proposed algorithm is still superior in RMSE, MAE and MAPE. By
analyzing Table 10 and Table 11, it can be known that the proposed algorithm has better nonlinear mapping ability.
And this result proves that the proposed algorithm can more accurately simulate the long-term SOH. Besides, it
can be seen from Figure 11 and Figure 12 that, with the deterioration of SP voltage model, the SOH and the
estimation accuracy of SOH decrease. The above results highlight the superior improvement effects of the
proposed algorithm in estimating the SOH of energy storage LIBs. Additionally, in order to verify the performance
of the proposed algorithm, it is compared with the existing SOH estimation methods, as shown in Table 12. Among
them, the existing methods include ENN, LSTM, DCNN, BPNN, cuckoo search-Elman neural network (CS-ENN)

and gate recurrent unit-neural network (GRUNN).

Table 12 The comparison of different SOH estimation methods

SOH estimation Refs. Hls RMSE MaxE MAE MAPE
methods

Constant current charging time, constant
voltage charging time, voltage change during
ENN [89] _ _ _ ) 3.075% - 2.0936%  1.6%
charging and discharge, total discharge time
and temperature change during discharge
End-to-end Constant current time, constant voltage time,
LSTM [90] constant current time proportion, constant 0.762% - 0.652% -
voltage time proportion and total charge time
\oltage, current and capacity during partial

DCNN [48] 0.368% 3.524% - -
charge cycles

Parameters of the first-order equivalent

BPNN [41] o - 7.2% <5% -
circuit model
Four principal components consisting of EIS
CS-ENN [91] 0.74% - 0.53% 0.69%
features
Four principal components consisting of EIS
Non-end-to- ENN [91] 1.74% - 1.64% 2.12%
features
end ) . .
Six Hls from the differential temperature
GRUNN [92] - 2.28% - -
curves
Maximum solid-phase lithium-ion
Proposed ) o )
/ concentration of positive and negative 0.33% - 0.265%  0.294%
method
electrodes

In Table 12, the comparison covers RMSE, maximum error (MaxE), MAE, MAPE and Hls. By comparing the



SOH estimation accuracy of the methods in Table 12, it can be seen that the proposed method is superior in

multiple estimation performance indicators. Besides, by comparing the Hls and estimation results of the two ENN

methods in the table, it can be seen that the results of non-end-to-end ENN are better than that of end-to-end ENN.

To some extent, this demonstrates that the appropriate non-end-to-end model has a better effect in estimating SOH.

4, Conclusions

In order to monitor the SOH of energy storage LIBs accurately and efficiently, a long-term SOH estimation

method based on NDS-BFO algorithm and SA-BP model is proposed in this paper. Among them, the NDS-BFO

algorithm is used to identify the maximum solid-phase lithium-ion concentration of the positive and negative

electrodes in the SP model. Besides, the superiority and versatility of using the above-mentioned parameters as

Hls are demonstrated in this paper. And this paper highlights the improvement effect of NDS-BFO algorithm by

comparing the identification results and computational costs of NDS-BFO algorithm and BFO algorithm in different

degradation cycles. On this basis, the above Hls are used as the input of the SA-BP model to estimate the long-

term SOH during degradation. At 25 °C, under the 0.5 C constant current working condition, the RMSE, MAE

and MAPE of the long-term SOH estimation of one cell are 0.42%, 0.34% and 0.38, respectively. At 25 °C, under

the self-designed energy storage working condition, the RMSE, MAE and MAPE of long-term SOH estimation

of another cell are 0.33%, 0.26% and 0.29, respectively. In addition, this paper also compares the existing methods

and the proposed SOH estimation method through several evaluation indicators and HlIs. The results indicate that the

proposed method has better estimation effects. The experimental results verify the superiority of the proposed

algorithm in the long-term SOH estimation Besides, the results indicate that the proposed algorithm can meet the

requirements of LIBs in the energy storage system. Future work can focus on long-term SOH estimation studies

for LIB packs.
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