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Abstract: With the increasing application of lithium-ion batteries, accurate estimation of the state
of health (SOH) of lithium-ion batteries is of great significance for the safe operation of lithium-ion
battery systems and the reduction of operation and maintenance costs. The complex physical and
chemical reactions inside the lithium battery and the complex external working conditions make it
challenging to achieve an accurate health-state estimation and life prediction. Therefore, the accurate
estimation of the SOH of lithium-ion batteries is an important issue. At present, electrochemical
impedance spectroscopy (EIS) is widely used in the study of battery-power impedance characteristics
and battery-state estimation due to its advantage of nondestructive measurement. For this reason,
this paper summarizes the research progress of lithium-ion SOH estimation based on EIS in recent
years and details it layer by layer, mainly from two aspects: first, the quantitative relationship model
between the characteristic parameters and SOH is established by constructing a frequency domain-
equivalent circuit model. Secondly, we construct a quantitative relationship model between EIS data
and SOH using the data-driven method. Finally, the advantages and disadvantages of different
methods and estimation accuracy are analyzed and compared, and the future estimation of SOH
based on EIS is prospected.

Keywords: lithium-ion battery; estimation of SOH; EIS; ECM; data-driven method; nondestructive

measurement; frequency domain-equivalent circuit model

1. Introduction

In recent years, transportation electrification has developed rapidly worldwide, which
helps to reduce greenhouse gas emissions and alleviate global warming. The lithium-ion
battery (LIB), as the main energy-storage device, is one of the key components of electric
transport systems.

In the practical application of lithium-ion batteries, the SOH of the battery is particu-
larly important. As one of the important performance parameters of the electric vehicle
battery, when the parameter shows that it has dropped to meet the normal demand, it
is necessary to replace it with a new lithium battery in time to ensure the safe use of the
electric vehicle [1-4]. Because the process of battery degradation to failure is very complex,
there are many internal and external factors that affect lithium battery SOH, which brings
many difficulties to the research of lithium battery SOH [5-7].

At present, SOH-estimation methods for lithium-ion batteries can be roughly divided
into battery-model-based estimation methods and data-driven estimation methods [8-11].
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The commonly used battery SOH-estimation methods rarely take into account the electrode—
interface reaction information and usually only estimate based on the external characteristics
of the battery or the DC internal resistance [12]. However, when lithium-ion batteries are
charged and discharged, complex electrochemical reactions will occur at the internal electrode
interface, and the reaction results are closely related to the battery’s SOH [13]. This shows
that the SOH of the battery can also be estimated by studying the relationship between the
electrode—interface information inside the battery and the battery state [14-18]. EIS, which
contains rich information on material properties, interface phenomena, and electrochemical
reactions within the battery, can reflect the aging state of the battery from multiple perspectives
and is considered an effective means of achieving SOH estimation [19-22]. Table 1 compares
the advantages and disadvantages of different methods.

Table 1. Common SOH-prediction methods for lithium batteries.

SOH Prediction Method Advantage Disadvantage

It is difficult to establish an
equivalent circuit model for
lithium batteries suitable for

various operating conditions,
and the identification of
model parameters is difficult,
with a large computational
load and limited
application range.

It can be applied online, and
the prediction accuracy is not
affected by the initial value; it

Equivalent circuit is easy to converge, and the
model method prediction performance is
higher than that of the current
integration method and the
open-circuit voltage method.

It is unable to be used online
and has limited prediction
accuracy; it is generally used
for calibration of SOH in an
offline state.

No need to design complex
Electrochemical impedance  algorithms, easy to implement,
spectroscopy (EIS) method suitable for different types of
lithium batteries.

There is no need to consider

e comple el 5 ageamountfitim
Data-driven battery EIS data is required to

approach batteries and establish ensure that the BMS platform

complex circuit models but .
. has strong computing power.
only to design a reasonable

data-driven learning model.

However, few studies have summarized the research progress of the SOH estimation
of lithium-ion batteries from the perspective of EIS. Therefore, this paper summarizes
the literature in this field in recent years from model-based and data-driven perspectives,
respectively, and then analyses and compares each method.

The structure of this paper is as follows: Section 2 summarizes the concept of SOH
and the commonly used estimation methods; Section 3 summarizes the theory of EIS;
Section 4 summarizes the current research progress in estimating SOH based on EIS from
two perspectives; Section 5 makes a comparative analysis of the two methods and puts
forward a prospect for the future SOH estimation.

2. Overview of SOH

The SOH of the battery, reflecting the capacity of the battery used to store electric
energy relative to the initial battery, is an important parameter to characterize the current life
of the battery and is widely used in battery-management systems [23]. The battery-power
SOH can quantitatively describe the current life information of the battery and represent
the life status of the battery from initial life to end of life, given as a percentage [24-28]. The
higher the value, the better the current health of the battery and the longer the remaining
life cycle [29]. The SOH of the original ex-factory new battery can be defined as 100%, and
then, its value gradually decreases to 0% with the increase of battery cycle charge and
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discharge times and service time [30-34]. Because there are many performance indicators
to characterize the battery, the definition of SOH lacks unity [35-37]. There are many ways
to express the definition of SOH in the domestic and foreign literature. After reading a
large number of documents, was found that it is most common to define SOH through
internal resistance, the number of remaining cycles, and the capacity of the battery [38—40].

2.1. Define SOH with Battery Internal Resistance

The internal resistance of the battery will gradually increase with the aging of the
battery [41,42]. Many documents have pointed out that there is an obvious relationship
between the change of battery internal resistance and aging, so it is also common to use
internal resistance to define battery SOH [43,44]. The definition formula is as follows:

—R¢

SOH:REL

x 100% 1
REOL — Ryew ( )

where Rroy is the internal resistance at the end of battery life; R¢ is the current internal
resistance of the battery; Ry, is the internal resistance of the new battery.

2.2. Define SOH with the Number of Remaining Battery Cycles

The number of battery cycles is also closely related to the aging state of the
battery [45,46]. Some studies believe that when the number of battery cycle reaches a
fixed value or a certain range, the battery service life can be considered to be over [47-49].
SOH is defined by the number of remaining cycles of the battery, and the expression is

as follows:
Cntremuin

SOH =
C”ttotal

x 100% 2
where Cntyopqin is the number of remaining cycles of the battery, and Cnt;y, is the total
number of cycles of the battery.

2.3. Define SOH with Battery Capacity

Capacity is one of the most important performance parameters of battery power, and
its attenuation degree is often used to define SOH in the literature [50-52]. The rated
capacity of the battery power is clearly defined in the national standard GBT31486-2015: the
capacity released when the battery power is fully charged at room temperature, discharges
at 1C, and reaches the termination voltage [53-55]. The SOH is defined by the battery
capacity, that is, the ratio of the capacity (Qgqeq) discharged by the current battery from the
fully charged state to the cut-off voltage at the rate of 1C and the rated capacity (Q,4t04) of
the power battery [56]. The definition expression is as follows:

Qq ged
thed

The end of life (EOL) of the battery power in the life-cycle aging test is: when the
number of battery cycles reaches a certain number, the usable capacity cannot be less than
80% of the initial capacity [57-59]. This shows that the SOH changes from 100% to 0%
when the battery power has never been used until it has gradually aged to its end of life.
Therefore, in order to take the battery SOH range as 0-100%, Formula (3) is changed to the
following form:

SOH = x 100% 3)

(thed - Qaged)
0.2 X Qrated

SOH = |1-— x 100% @)

The subsequent calculation of SOH in this paper adopts Formula (4).
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3. Theoretical Basis of EIS
3.1. Basic Principle of EIS

EIS is an important method to study the electrochemical interface process [60]. Since
the measurement process will not cause damage to the battery, this method belongs to non-
destructive measurement [61]. EIS measurement can deeply elucidate the electrochemical
process occurring in the battery within a wide frequency range and can be used to identify
the parameters of the battery model and study the dynamic behavior [62-64]. For a certain
linear time-invariant system, the transfer function can usually be used to describe the
system disturbance and response [65,66]. The frequency response function of the system is
as follows:

Y =G(w)X ®)

where G(w) is the frequency-response function, which can reflect the frequency-response
characteristics of the physical system with frequency change; X is a sine wave electrical
signal with an angular frequency of w, that is, an excitation signal; Y is the output electrical
signal of the system with an angular frequency of w, that is, the response signal. When
the excitation signal X is a sine wave current signal, and the response signal Y is a sine
wave voltage signal, the frequency-response function G(w) is called the impedance of the
physical system.

When a series of disturbance signals at different angular frequencies is applied to
an electrode system, a group of frequency-response functions can be measured. This
series of frequency-response functions, namely impedance values, is arranged according
to the frequency to form the electrochemical impedance spectrum [67-69]. Therefore, the
electrochemical impedance spectrum is the impedance spectrum of the electrode system
when it meets the basic conditions of resistance [70-72].

The electrochemical impedance spectrum is usually represented by Nyquist dia-
gram [73-75]. The Nyquist diagram is a complex plane diagram of the EIS with the
real part Re of impedance Z as the horizontal axis and the imaginary part Im as the vertical
axis [76-78]. Admittance Y is also plotted in the same way. The Nyquist diagram of the
electrochemical impedance spectrum of a certain lithium-ion battery measured in a 25 °C
experimental environment is shown in Figure 1.
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Figure 1. Nyquist plot of electrochemical impedance spectroscopy.
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Im(Z)

Lithium inventory loss

Electrolyte
decomposition

Ohmic region

3.2. Analyze the Principle of Battery Capacity Attenuation from EIS

The aging of LIBs is caused by many physical and chemical mechanisms, mainly
including three common aging modes: loss of lithium ions, damage to anodic active sub-
stances, and damage to cathodic active substances. During battery aging, parasitic reaction,
chemical decomposition (SEI layer decomposition and electrolyte decomposition), and SEI
layer growth will lead to lithium-ion consumption, making the lithium ions insufficient
to support the cycle between cathode and anode, leading to capacity degradation. The
main reasons for the damage of the anode active material are structural disorder, particle
cracking, graphite peeling, and loss of electrical contact or blockage of the active site, which
makes the anode-active material of the battery unusable and also leads to the reduction
of battery capacity and power attenuation. Similarly, these damages can also occur at the
cathode and form a cathode—electrolyte interface (CEI) on the surface, causing damage to
the cathode’s highly active material. The reactions caused by these aging mechanisms will
act on different regions of the EIS, as shown in Figure 2.

Loss of cathode active material

SEI degradation The charge transfer rate drops

CEI formation

Electrode particle cracking

SEI grow Electrode particle cracking

’ Graphite degradation ‘

Structural disorder Structural disorder

lnterr‘lnediate frequency region Low frequency region

Re(2)
Figure 2. The relationship between battery EIS curve and common aging mechanisms.

From Figure 2, it can be seen that the decomposition of the electrolyte during battery
aging mainly affects the high-frequency impedance region; the degradation and growth
of SEI films as well as the degradation of the graphite mainly affect the first half-circle in
the mid-frequency region; the formation of CEI film and the impact of electrode particle
cracking or structural disorder mainly affect the second semicircle in the mid-frequency
region; the impact of the decrease in charge transfer rate mainly affects the low-frequency
region. It is worth noting that electrode particle cracking or structural disorder can also
affect the low-frequency region.

4. Summary of SOH Estimation Based on EIS

Currently, there are few studies about estimating SOH based on EIS, so each article
is a valuable asset in this field. The commonly used SOH-estimation methods are usually
based on the external characteristics of the battery and rarely use electrochemical theory
to analyze the changes in the battery [79]. Therefore, the model parameters established
lack physical significance and cannot accurately reflect the impact of a complex working
environment and battery aging on battery-state estimation, resulting in limited estimation
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accuracy [18]. Daniel I. Stroe et al., 2014 studied the applicability of EIS technology for the
diagnosis of monomer degradation of lithium-ion batteries, conducted accelerated aging
tests in the laboratory, and determined that the increase of ohmic resistance in the aging
process is related to the decline of the pulse-power capacity of lithium-ion batteries. Finally,
it was proven that EIS technology can be used to detect SOH in lithium-ion batteries.

At present, when using EIS data to estimate SOH, there are mainly two methods: one is
to establish the quantitative relationship model between characteristic parameters and SOH
by building the frequency domain-equivalent circuit model [6]. The second is to construct a
quantitative relationship model between EIS data and SOH using the data-driven method
(Table 2). The following two main methods are summarized:

4.1. ECM-Based Approach

Lithium-ion battery models can be divided into electrochemical models, equivalent
circuit models, and empirical model according to different modeling methods and the
factors considered [80]. Because the method based on the electrochemical model is designed
to represent the aging mechanism of the battery based on the internal mechanism of the
battery and a certain feature [81], the construction of the electrochemical model needs
to involve complex partial differential equations, which requires large computational
resources and is not suitable for practical application [82]. The empirical model is generally
based on the analysis of a large number of experimental data, fitting the capacity-decay
curve, and then updating the model parameters through filtering algorithms to achieve
real-time capacity estimation [83]. However, this method relies too much on the laboratory
battery test accuracy, and its generalization performance is poor in practical applications.
The equivalent circuit model does not need to consider the electrochemical reaction inside
the battery but only describes the voltage response of the battery power with ideal electrical
components according to the external electrical characteristics of the battery, describes the
static voltage characteristics of the battery power with the voltage source, describes dynamic
voltage characteristics such as polarization of the power battery with RC network, and has
simple parameter identification, necessity of only a small amount of model calculations,
and good real-time performance [36]. Therefore, when performing SOH estimation, the
equivalent circuit model is often used.

For the measured electrochemical impedance spectra of lithium batteries, the equiva-
lent circuit method can intuitively and concretely represent the dynamic behavior of the
electrode-reaction process of lithium batteries. This method can represent the physical
phenomena in the electrode-reaction process through different equivalent elements and fit
the EIS curve of each frequency band through composite elements composed of equivalent
elements. When the frequency-response curve of the circuit composed of composite compo-
nents is consistent with the measured battery EIS curve, the circuit is called the equivalent
circuit of the battery system.

(1) Based on a single equivalent circuit model:

Xiong et al. established the mapping relationship between residual capacity and resis-
tance based on the equivalent circuit model to estimate the SOH [84]. First, by analyzing
the EIS test results under different SOHs, the degradation level can be detected by EIS mea-
surement; then, using fractional order theory, an online parameter identification method
based on the fractional order impedance model can be proposed, and the correlation be-
tween the change of parameters and degradation level can be discussed. The SEI (solid
electrolyte—interface phase) resistance is extracted by selecting the appropriately fitting
function to predict residual capacity. Finally, the effectiveness of this method is verified by
experimental data. Matteo Galeotti et al. first constructed an equivalent circuit model to fit
the impedance spectrum, used the parameters of the equivalent circuit model to reproduce
the discharge curve of the battery, and then found the relationship between the ohmic
internal resistance of the battery and the available capacity to evaluate the SOH [85].

However, the above two methods ignore the influence of temperature and SOC on
the evaluation. Therefore, Wang et al. considered the influence of temperature and charge
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state on charge-transfer resistance [86] and proposed a calculation model of charge-transfer

resistance: .
T L5}
Ra = (T, 50C) = —— P (F) ©)
V/SOC2 + B1SOC + B,
«1, &2, B1, and By are the parameter to be measured; T is the temperature of lithium-ion
battery. Using this calculation model, a calculation model of SOH is proposed:

Reteor — Ret

SOH =
Rct,EOL - Rct,fresh

x 100% @)

ReteoL is the charge-transfer resistance at the end of the battery life, and Ry fesp, is the
reference value for calculating the growth rate of the charge-transfer resistance. Converting
the randomly selected charge and charge-transfer resistance under temperature state to
standard state can be used for health-state estimation, but it is difficult to find a suitable
charge-transfer resistance.

On this basis, Qunming Zhang et al. [87] introduced an equivalent circuit model (ECM)
in which the solid electrolyte—interface resistance Rgg; and charge-transfer resistance R
are used to map their relationship with SOH under changing temperature and SOC, and
the model parameters are determined by Hamilton Monte Carlo (HMC) sampling method.
Finally, the charge-transfer resistance, temperature, and SOC are used as input variables
for LIB SOH estimation. The estimation flow chart is shown in Figure 3.

_________ 1
Data A cquisition : Feature extraction and |
seletion
Aging test | l
| | I
v v | I
Chctyy EIS Fest under | |
Calibration test IDiiefeireni | |
Temperature and SOC

} } | |
Obtain battery Obtain EIS data | |
Capacity/SOH I
L — — — — | 1

Modeiestablishment SOH estimation

Curve under different temperature
and SOC 'Test SOH
v inputs
SOH vs(R(&T&SOC)
v
HMC Model parameters _ Probabilistic
samping Bayesian posterior ” model

Figure 3. Estimation flow chart.
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(2) Based on multiple equivalent circuit models:

However, the above methods only consider one circuit model in circuit fitting, which
makes the fitting accuracy poor. The prediction of the equivalent circuit through EIS
can determine the equivalent circuit model with the highest fitting accuracy, which can
fundamentally improve the accuracy and robustness of the prediction model. On this basis,
Pietro Iurilli et al. first summarized the relationship between general ECM and EIS [88]
and described the degradation mechanism of each part, as shown in Figure 4. The model
includes a resistor for ohmic region, two Zarc elements for intermediate frequency region
(one element for each half-bow), and a Warburg element for the low-frequency region. The
figure is described in three parts:

. . | . . .
Ohmic region | Mid-frequency region : Low-frequency region
A
I . .
| Semiarch 1 : Semiarch 2 :
I I I
£ I I I

N I | |
I | I
I |
I | I
I I I Zreal
! : : >
! I | e Electrode particl

e Electrolyte | ® SEI degradation | o CEI formation I O SIDATLICS
decomposition | e SEI growth | '@ Electrode particle | cr_ackmg/structural
Cracking/structural disordering
I | racking/s @ le Charge transfer slow
|¢o Graphite degradation ||| disordering I down
I I I
CPE, CPE,
Rohmic | Iy : I : Zwarburg

| — [ — |
| Rl | R2 |

Figure 4. Representation of typical EIS spectra of lithium-ion batteries.

Ohmic region: The high-frequency band is the inductive reactance behavior generated
by the electron through the wire and the winding of the internal electrode, which can
be expressed by the equivalent element Ls. For the intersection of the curve end and
the real axis, it represents the ohmic resistance of the ion and electron from the electrode
interface to the solution and through the active carbon pore, which can be expressed by the
element R ic-

Mid-frequency region: The first half-arc in the middle frequency band is related to the
loss of lithium ions (mainly SEI growth and SEI layer decomposition mechanism), and the
second half-arc is related to the loss of cathode active material.

Low-frequency region: The low-band oblique line is generated by the diffusion process
of Li+ near the electrode interface and in the active material.

Next, Yang et al. proposed a health-assessment method based on multi-model proba-
bility fusion to improve the accuracy and reliability of SOH estimation [89].

Later, during the construction of ECM, Li et al. proposed the method of selecting
ECM according to the shape of the impedance curve on a Nyquist diagram and subsequent
complex nonlinear least-squares fitting. The selection of circuit components during the con-
struction usually depends on the complexity of the impedance curve. The ECM generally
includes resistors and inductors for ohmic region or parallel circuits of the corresponding
inductors and resistors when there is an inductor tail. However, due to the change of the
working state of the battery itself, the selection of circuit elements to describe the cathode
and anode process of the battery has become the biggest problem in ECM construction.
Then, a measurement method based on multiple ECMs was proposed to find the ECM with
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the highest fitting accuracy, which can fundamentally improve the accuracy and robustness
of the prediction model [14]. According to the general equivalent circuit model, five ECM
variants are herein proposed. As shown in Figure 5, these ECMs were verified to have
good accuracy. Then, the ECM is fitted by nonlinear least-squares regression of the circuit
model and impedance data. Finally, the ECM in Figure 5b is selected to estimate the SOH
by comparing the fitting error. Finally, compared with the basic ECM, the SOH estimation
error is reduced by 17.9%, making a major breakthrough.

| I I
Ohmic region | Semiarch 1 I Semiarch 2 I Low frequency region
I I I
[ Rser | R | Zyarbure
— ) ———
Ry | | i
| | I
o—{ 1+ I |
| X | A |
| CPE, | CPE, |
I I I
: Rser | Re. |
I 1
Rohm I I — ! Z
I I | warburg
o— 1 .
| I | I |
! ! crE |
| CPEl | 2 |
I | I
| RSEI | Rct | Zwarburg
— 0 — {1
Ropm | | |
' | 1 | | 1 |
| i | [ !
: CPE, : C, :
: Rsgr : R, :
1 | |
I I :'_
Ronm | | | ZLvarturg
o— - ' .
I I I
| | | | | | |
| ] | I |
I CPE, | &) I
| I I
| Rser | R |
Ry | | G
o : | | I I o
I I |
' | ' | 1 '
| i | ] |
: CPE, : CPE, !

Figure 5. (a—e) Different equivalent circuit models of lithium-ion batteries.
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Table 2. Summary of studies on estimating SOH based on EIS.

Author(s) Models F (Hz) for Model SOH Errors
Xiong Rui et al. [84] ECM 0.02-5000 Hz Error < 3%
Matteo Galeotti et al. [85] ECM 0.2 Hz-5 kHz Maximum error = 3.73%
Wang Xue yuan et al. [86] ECM 0.01 Hz-1 kHz Absolute error < 15%
Zhang et al. [87] ECM 0.1 Hz-5 kHz Error < 4%
Pietro Iurilli et al. [88] ECM 0.1-1000 Hz -
Yang et al. [89] ECM 50 mHz-10 kHz Accuracy increased by 46.38%
De zhi Li et al. [14] ECM 0.02 Hz-20 kHz RMSE = 0.0497
Akram Eddahech et al. [90] RNN 0.01 Hz-10 kHz MSE = 0.462
GENG Meng Meng et al. [91] BP 10 mHz-10 kHz MAPE = 1.36%, RMSE = 1.57%
LIU Jia hao et al. [92] LSTM 0.01 Hz-10 kHz RMSE = 3.981%
Zhang et al. [93] GPR 0.02 Hz-20 kHz RMSE = 5.03%
Chun Chang et al. [94] CS-Elman model 20 mHz-20 kHz RZ =99.89%
T. K. Pradyumna et al. [95] CNN 0.1-1 kHz RMSE = 0.233%
Li De zh et al. [14] IPSO-CNN-BiLSTM model 0.02 Hz-20 kHz RMSE = 0.0183
Chen, X. et al. [96] SFS-GPR model 0.02 Hz-20 kHz RMSE = 0.042

4.2. Data-Driven Approach

The data-driven method uses SOH as the output of the machine learning model and
highly correlated features as the input of the model. This method has high accuracy in the
field of SOH estimation, but it is difficult to select appropriate input features.

@

Based on a single-network mode:

Akram Eddahech et al. first used cyclic neural network RNN to predict SOH based on
EIS data [90]. In order to improve the speed and accuracy of the health-state estimation
of retired batteries, GENG et al. selected eight of the square lithium iron phosphate
batteries retired from an electric bus to continue the cyclic aging test and conducted
the electrochemical impedance test after different cycles. According to the impedance
characteristics of lithium-ion batteries, the real part, imaginary part, and mode value at
300 Hz, 60 Hz, and 1 Hz were extracted as the characteristic parameters and as the input
parameters combined with the BP neural network algorithm; a fast estimation model of
the health status of retired batteries based on electrochemical impedance and BP neural
network was built, and 19 groups of data not participating in model training were used to
verify the model [91]. LIU et al. proposed a lithium battery health-state estimation method
based on the virtual part of the electrochemical impedance spectrum and the long- and
short-term memory (LSTM) neural network [92]. The cycle number, frequency, SOC, and
AC impedance virtual part at a specific frequency were used as the model input, and SOH
was used as the output of the prediction model to predict.

Zhang et al. [93] conducted the aging test and published the 45 mAh commercial
button battery (positive and negative active materials are lithium cobaltate and graphite,
respectively) aging electrochemical impedance dataset in Nature Communications. They set
three different temperatures (25 °C, 35 °C, and 45 °C). When the aging ambient temperature
was 25 °C, the battery number was 25C01~25C08. When the aging ambient temperature
was 35 °C, the battery number was 35C01~35C02, When the aging ambient temperature
was 4 °C, the battery number was 45C01~45C02. Each aging cycle included two stages
of charging and discharging: in the charging stage, the constant current was charged to
the cut-off voltage of 4.2 V at the rate of 1C, and then, the constant voltage was charged
until the current decayed to 0.1C, and finally, it was allowed to stand for 15 min. In the
discharge stage, it was first discharged to the cut-off voltage of 3 V at the constant current
of 2C and then left to stand for 15 min, as shown in Figure 6. In order to obtain the
impedance data of the battery under different states of charge, each charge and discharge
cycle process was divided into nine states, and the impedance data were tested, respectively,
(a) before charging; (b) at the beginning of charging; (c) after 20 min of charging (50% SOC);



Energies 2023, 16, 5682

11 of 19

(d) when fully charged (100% SOC); (e) 15 min after charging; (f) at the beginning of
discharge; (g) after 10 min of discharge (50% SOC); (h) at the end of discharge; and
(i) after letting stand for 15 min after discharge. The electrochemical impedance spectrum
test was carried out in even number of charge—discharge cycles; the frequency range is
0.02 Hz-20 kHz, and the excitation current amplitude is 5 mA. This dataset is the largest
lithium-ion battery impedance and corresponding aging dataset in China. It made a
breakthrough contribution to the prediction of SOH and RUL in the field of impedance
spectra. Then, they used the Gaussian process regression (GPR) method to take the real
part and imaginary part of the impedance with the frequency range of 0.02-2000 Hz as
the model input in order to make the model still achieve accurate prediction at different
temperatures. Combining the training data collected at three temperatures (25 °C, 35 °C
and 45 °C), the SOH and remaining useful life (RUL) of LIBs were estimated accurately.

A
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Figure 6. EIS data collected in nine different states.

On the basis of the dataset published by Zhang et al., Chun Chang et al. proposed
an SOH-estimation method for lithium-ion batteries based on the combination of EIS and
Elman neural network and cuckoo search (CS-Elman) [94].

The methods mentioned above all need to manually process the input data. Sometimes,
the manually processed data are unreasonable in many models, so T.K. Pradyumna et al.
proposed the method of estimating SOH by automatically extracting input features from
CNN [95], which avoids the problem of unreasonable feature extraction and missing
important features. CNN is one of the most widely used algorithms in the field of deep
learning. Because of its efficient feature-extraction ability, it is applied in the field of power
system research [21]. Because EIS data contain rich information content, using CNN can
greatly reduce the complexity of data processing and ensure that important information
is not lost. The basic structure of CNN is shown in Figure 7. The filter is used to extract
important features in the whole range of input data in the convolution layer. Convolution
can be expressed by Equation (7).

(W x x +b) ®)

The nonlinear mapping of the output of the convolution layer is realized in the
activation layer. Common excitation functions are as follows:

Sigmoid(x) = = )
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tanh(x) = a1 (10)
Relu(x) = max(0, x) (11)
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>
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[] Elements corresponding to different feature maps

—>» Convolutional network process order

Figure 7. CNN basic structure diagram.

(2) Multi-network model based on automatic feature extraction:

However, the performance of traditional CNN needs to be improved, so it is a research
direction to improve the CNN network or combine it with other prediction models. There-
fore, Li et al. [14] proposed a new method to predict the SOH of lithium-ion batteries. First,
the real part, imaginary part, modulus, and phase at 60 different frequencies under each
charge-discharge cycle were used as inputs, and then, CNN was used to extract important
features. Finally, it was combined with the bidirectional long- and short-term memory
neural network (BiLSTM) model to predict SOH. In addition, an improved particle swarm
optimization algorithm (PSO) was proposed to optimize the model on this basis, which
has higher accuracy compared with traditional methods. The prediction model structure is
shown in Figure 8.

Similarly, Josue Obregon et al. explored a method for extracting overcomplete features
from electrochemical impedance spectroscopy (EIS) data using convolutional autoencoders
(CAEs). The extracted potential data representation was fed into a deep neural network
(DNN) for battery-capacity maintenance and SOH estimation.

However, it takes a lot of time to carry out full-band EIS tests, and there are some
difficulties in practical application. Therefore, how to select the impedance characteristic
subset closely related to SOH from the full-band EIS data is a key problem to be solved
urgently. In view of this, Chen Xiaoyu et al. proposed a SOH-estimation method based
on feature selection and Gaussian process regression, which can gradually search the
impedance feature subset [96] through the sequential forward search strategy combined
with the cross-validation root mean square error index. Based on this, the multi-objective
visual decision-making method based on the level chart was adopted, aiming at balancing
the complexity and accuracy of the model, comprehensively considering the number
of features and the root mean square error of cross validation, and implementing the
impedance feature subset optimization. The proposed method was successfully applied to
the published dataset, and the prediction flow chart is shown in Figure 9. Compared with
the full-band EIS modeling method, this method can significantly improve the accuracy
of SOH estimation, significantly reduce the EIS test time, and provide theoretical and
technical support for the application of electrochemical impedance technology to online
SOH estimation.
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Figure 9. Schematic diagram of algorithm flow.
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5. Conclusions

In this paper, the definition of SOH and the theory of EIS are summarized, and then,
the cause of the battery-capacity degradation is analyzed from the perspective of EIS.
Finally, the research progress of predicting the SOH of lithium-ion batteries based on EIS in
recent years is reviewed.

5.1. Summary

(1) Compared with the time—domain current and voltage-response curve data, the
frequency-domain EIS can reflect the aging state of the battery from multiple perspectives
because it contains rich information about material characteristics, interface phenomena,
and electrochemical reactions inside the battery. Moreover, by measuring the impedance,
the rich electrode-interface structure information inside the battery can be obtained, and it
has the advantage of nondestructive measurement. It is thus an effective means to achieve
SOH estimation;

(2) The model-based method uses the impedance spectrum measured at different
temperatures and SOC conditions to fit with the built equivalent circuit so as to obtain
the parameters of the equivalent circuit, reconstruct the discharge curve, study their cycle
performance, and understand whether they have abnormal aging during operation. The
physical effects occurring in any electrochemical system can be correlated with the electrical
parameters of the ECM, which is helpful to quantify the phenomena occurring in the
process of charging and discharging and the aging of the lithium-ion battery. The internal
process of the lithium battery in the aging cycle process can be quantified by electrical
parameters. The relationship between general ECM and EIS is established. By measuring
the impedance data of the battery during aging and fitting the impedance data with the
proposed equivalent circuit model, the parameters that have the highest correlation with
the health status of the lithium-ion battery are extracted as the estimation index of SOH.

The quality of the model built by the model-based method is directly related to the ac-
curacy of the lithium battery SOH prediction. The advantage of the ECM method is that the
amount of calculations is relatively small, and it can directly simulate the dynamic behavior
of the electrode-reaction process, but it is only applicable to the working environment
in which the model parameters are identified. In the case of environmental temperature
change, battery aging, etc., the accuracy of the model will significantly decline. This is
mainly due to the lack of actual physical and chemical significance of the equivalent circuit
model parameters, and it is difficult to maintain high accuracy in different environments
and working conditions;

(3) The difference between the data-driven method and model-based method is that
the data-driven method does not need to consider the electrochemical mechanism of LIBs
but focuses on the historical data of batteries. The SOH prediction of LIBs using machine
learning methods usually requires a large amount of historical data, and the EIS data are
processed and correlated. The features with high correlation are extracted as the input of the
machine learning model, and the SOH of LIBs is used as the output of the model. Through
the adaptive iteration of the model for the data, high prediction accuracy is achieved.

The data-driven method does not need to consider the chemical reaction mechanism
inside the lithium battery and can effectively avoid solving the complex nonlinear opti-
mization problem of building the frequency domain-equivalent circuit model. This method
is relatively simple and accurate, but this method usually extracts the eigenvectors of the
indicators needed for prediction from the battery-degradation data, so the selection of
the eigenvectors is also the key of the data-driven method, and it particularly depends
on the quality of the data. In addition, due to the nonlinear correlation between different
frequency impedance data, the accuracy of the SOH-estimation model is usually limited by
directly using full-band EIS data. Moreover, it takes a lot of time to carry out full-band EIS
tests, and there are certain difficulties in practical application. In addition, the EIS data used
in some current studies are directly measured by an electrochemical workstation. However,
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due to operation error, conductor influence, or other accidents, EIS data may be damaged,
which will affect the accuracy of subsequent experiments.

5.2. Outlook

(1) For the model method, the ECM with a higher fitting degree or better method can
be found for parameter identification in the follow-up research, and combination with the
data-driven method can also be considered for research;

(2) For the data-driven method, how to select the impedance feature subset closely
related to SOH from the full-band EIS data is the key problem to be solved urgently;

(3) Itis a good direction to consider the application of EIS in the field of lithium-ion batteries
under low-temperature environments. In addition, it is also necessary to adopt appropriate
methods to verify the reliability of the data measured from the electrochemical station.
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