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Abstract: Scientifically and accurately predicting the state of health (SOH) and remaining useful life
(RUL) of batteries is the key technology of automotive battery management systems. The selection of
the health indicator (HI) that characterizes battery aging affects the accuracy of the prediction model
construction, which in turn affects the accuracy of SOH and RUL estimation. Therefore, this paper
analyzes the current status of HI selection for lithium-ion batteries by systematically reviewing the
existing literature on the selection of HIs. According to the relationship between HI and battery aging,
battery HI can be divided into two categories: direct HI and indirect HI. The capacity and internal
resistance of the battery can directly represent the aging degree of the battery and are the direct HIs of
the battery. Indirect HIs refer to characteristic parameters extracted from battery charge and discharge
data that can characterize the degree of battery aging. This paper analyzes and summarizes the
advantages and disadvantages of various HIs and indirect HIs commonly used in current research,
providing useful support and reference for future researchers in selecting HIs to characterize battery
aging. Finally, in view of the capacity regeneration phenomenon in the aging process of the battery,
the selection direction of future HI is proposed.

Keywords: lithium-ion battery; battery aging; health indicator; direct HI; indirect HI

1. Introduction

With the rapid development of the automobile industry, the problems of energy
consumption, environmental pollution and global warming are becoming more and more
serious. It is crucial to develop and use energy-saving and environmentally friendly means
of transportation. Vigorously developing new energy electric vehicles will contribute to
building a clean, economical and efficient environmentally friendly society [1,2]. Power
batteries are used as the power source of electric vehicles. Their performance directly affects
the power, economy, safety and reliability of electric vehicles during driving [3]. With the
continuous use of the battery, the battery will inevitably age or even fail. This will cause
safety and reliability problems of the battery, and even cause the battery to spontaneously
ignite and explode [4,5].

Both the SOH and RUL of the battery are important parameters to characterize the
aging degree of the battery. The battery SOH is usually defined by the capacity ratio, that is,
the ratio of the current actual battery capacity Qnew to the initial battery-rated capacity Q0,
as shown in Formula (1). The battery RUL is the number of cycles of charge and discharge
that the battery has undergone from the current capacity decay to the failure threshold [6].
The failure threshold of the battery is generally taken as 80% of the initial capacity [7].
According to the IEEE1188-1996 standard, when the battery capacity decays to the failure
threshold, the battery capacity will decline rapidly according to the exponential decay
trend. The battery performance at this time is no longer suitable for use as a power battery,
and the battery should be replaced [8]. Therefore, the scientific and accurate prediction of
battery SOH and RUL has become the key technology of automobile battery management
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systems. In the research on battery SOH estimation and RUL prediction, the estimation
method using the data-driven method and model method fusion has higher estimation
accuracy [9,10]. Therefore, it is crucial to select the HI that can characterize the degree of
battery aging. The quality of HI selection directly affects the accuracy of battery SOH and
RUL prediction models, and further affects the prediction results.

SOH =
Qnew

Q0
× 100% (1)

At present, domestic and foreign researchers have achieved some important results
in the selection of health indicators, as shown in Table 1. The correlation in Table 1 is
the gray correlation value between the selected indirect health index and battery capacity
decline. Compared with the relevant literature, this paper comprehensively and systematically
analyzes the latest research results of the selection of HIs, summarizes the advantages and dis-
advantages of using different HIs to estimate the SOH and RUL of batteries, and summarizes
the indirect HIs that are often selected in the current research. The purpose is to provide a
reference for the selection of HIs for researchers who carry out this work in the future.

Table 1. Selection of HIs in the literature.

References HI HI Equations and Description Correlation

[11]

Constant current charging time X1

X1(k) = {t(k)|min(t(k)), s.t.A(k) ≤ 1.5 A},
k = 1, 2, . . . , n

Among them, t(k) represents the time when the
constant current charging mode ends; A(k)

represents the measured current value; k is the
current number of cycles; n is the sample size.

0.8763

Average rate of change in voltage during
constant current charging X2

X2(k) =
V(k)−v(k)

t(k) , k = 1, 2, . . . , n
Among them, v(k) and V(k) represent the initial
voltage value of theconstant current charging
process and the voltage value at the end of the

constant current charging process, respectively; t(k)
is the charging time of the constant current

charging process; k is the current number of cycles;
n is the sample size.

0.6223

Constant voltage charging time X3

X3(k) = {T(k)− t(k)|min(t(k)), s.t.V(k) ≥ 4.2 V},
k = 1, 2, . . . , n

Among them, t(k) represents the moment when the
measured voltage rises to 4.2 V, that is, the moment

when the constant current charging ends; T(k)
represents the moment when the charging process
ends; V(k) represents the measured voltage value;
k is the current cycle number; n is the sample size.

0.7104

Average rate of change in current during
constant voltage charging X4

X4(k) =
I(k)−i(k)

t(k) , k = 1, 2, . . . , n
Among them, i(k) and I(k) represent the current
value at the beginning and end of the constant

voltage charging mode, respectively; t(k)
represents the time of constant voltage charging, k
is the current number of cycles; n is the sample size.

0.9399

The time for the surface temperature to rise to
the highest during charging X5

X5(k) = {t(k)|max(T(k))}, k = 1, 2, . . . , n
Among them, t(k) represents the time when the

surface temperature rises to the highest during the
charging process, T(k) represents the measured

surface temperature value, k is the current number
of cycles, and n is the sample size.

0.9116



Machines 2022, 10, 512 3 of 15

Table 1. Cont.

References HI HI Equations and Description Correlation

[12] the time of equal discharge voltage tk

tk = Tvmin − tvmax, k = 1, 2, . . . , n
Among them, tk represents the equal discharge

voltage time of the kth cycle, Tvmin represents the
time to reach the lower voltage value, and tvmax

represents the time to reach the upper
voltage value.

0.8309

[13] Current rate of change during constant current
charging ICCCR_CV

Ik_CCCR_CV = Bk, k = 1, 2, . . . , n
Among them, Bk is the charging current change
rate of the kth cycle, and n is the sample size. k is

the current number of cycles, and n is the
sample size.

0.9776

[14,15] The peak intensity of IC curve (IC_peak) IC_peak is the normalized intensity of the IC peak high
correlation

[16] The peak area of IC curve (IC_area)

IC_area =
Uup∫

Ulow

wdV =
m
∑

k=1
wk, k = 1, 2, . . . n

where w is the value of dQ/dV; wk is the discrete
values of w corresponding to different voltage

interval, k is the current number of cycles, and n is
the sample size.

high
correlation

[17] Average charge voltage rise (ACVR)

ACVRk =

100
∑

j=1
|VT−Vj|

100 , k = 1, 2, . . . , n
Among them, Vj is the voltage within the charging
time from 1000 to 1500 s, VT is the cut-off voltage,

k is the current cycle number, and n is the
sample size.

0.9940

2. Lithium-Ion Battery Health Indicator

The battery HI is generally obtained by processing the battery charge and discharge
data through technologies such as signal processing and artificial intelligence. In the
selection of lithium-ion battery HI, it is usually divided into two categories: direct HI
and indirect HI [18], as shown in Figure 1. The most obvious characteristic of battery
aging is the reduction in battery usable capacity and the increase in internal resistance.
Therefore, the battery capacity and internal resistance are the direct HI that characterize
the aging degree of the battery. Indirect battery HI refers to the extraction of indirect
characteristic parameters that have strong correlation with battery aging from battery
charge and discharge data, in addition to capacity and internal resistance.

Machines 2022, 10, x FOR PEER REVIEW 3 of 15 
 

 

[12] 
the time of equal dis-

charge voltage tk 

, 1, 2,...,k vmin vmaxt T t k n= − =  

Among them, tk represents the equal discharge voltage time of the kth cycle, 
Tvmin represents the time to reach the lower voltage value, and tvmax represents 

the time to reach the upper voltage value. 

0.8309 

[13] 
Current rate of change 
during constant cur-
rent charging ICCCR_CV 

_ _ , 1, 2,...,k CCCR CV kI B k n= =  

Among them, Bk is the charging current change rate of the kth cycle, and n is 
the sample size. k is the current number of cycles, and n is the sample size. 

0.9776 

[14,15] 
The peak intensity of 
IC curve (IC_peak) 

IC_peak is the normalized intensity of the IC peak high correlation 

[16] 
The peak area of IC 

curve (IC_area) 
1

_area , 1,2,...
up

low

U m

k
kU

IC wdV w k n
=

= = =  

where w is the value of dQ/dV; wk is the discrete values of w corresponding to 
different voltage interval, k is the current number of cycles, and n is the sam-

ple size. 

high correlation 

[17] 
Average charge volt-

age rise (ACVR) 

100

1 , 1, 2,...,
100

T j
j

k

V V
ACVR k n=

−
= =


 

Among them, Vj is the voltage within the charging time from 1000 to 1500 s, 
VT is the cut-off voltage, k is the current cycle number, and n is the sample 

size. 

0.9940 

2. Lithium-Ion Battery Health Indicator 
The battery HI is generally obtained by processing the battery charge and discharge 

data through technologies such as signal processing and artificial intelligence. In the se-
lection of lithium-ion battery HI, it is usually divided into two categories: direct HI and 
indirect HI [18], as shown in Figure 1. The most obvious characteristic of battery aging is 
the reduction in battery usable capacity and the increase in internal resistance. Therefore, 
the battery capacity and internal resistance are the direct HI that characterize the aging 
degree of the battery. Indirect battery HI refers to the extraction of indirect characteristic 
parameters that have strong correlation with battery aging from battery charge and dis-
charge data, in addition to capacity and internal resistance. 

Battery Health Indicator

Direct HI Indirect HI

  Capacity Internal 
resistance

Average 
discharge 
voltage

Maximum 
discharge 

current

Constant 
current 

charging 
time

Charge 
temperature 
change rate

Charge 
terminal 
voltage 
change

 
Figure 1. Classification of battery health indicators. 

2.1. Direct Health Indicator 
2.1.1. Battery Capacity 

It can be seen from Formula (1) that the attenuation of the actual capacity of the bat-
tery will cause the overall SOH to show a declining trend, and the battery will age. There-
fore, the battery capacity can be used as a direct HI for evaluating the degree of battery 

Figure 1. Classification of battery health indicators.



Machines 2022, 10, 512 4 of 15

2.1. Direct Health Indicator
2.1.1. Battery Capacity

It can be seen from Formula (1) that the attenuation of the actual capacity of the battery
will cause the overall SOH to show a declining trend, and the battery will age. Therefore,
the battery capacity can be used as a direct HI for evaluating the degree of battery aging.
The actual capacity of the battery is the maximum power that the battery can release when
fully discharged under the specified discharge conditions. Its value can be calculated by
integrating the current over time. Due to the limitation of test conditions, many researchers
have studied battery RUL based on battery test data published by the Center for Advanced
Lifecycle Engineering at the University of Maryland (CALCE, College Park, MD, USA)
and National Aeronautics and Space Administration (NASA, San Francisco, CA, USA) [19].
Figure 2 shows the capacity data of B5, B6, B7, and B18 batteries disclosed by NASA. The
capacity decay curve formed by arranging the battery capacity data according to the number
of cycles conforms to the time series and has obvious nonlinear characteristics. The support
vector regression (SVR) method can better solve nonlinear problems [20,21]. Therefore,
some literatures use the battery capacity in the NASA and CALCE battery data sets as the
HI for evaluating battery aging, and use SVR to predict the battery RUL. However, SVR
has the problems of difficult parameter selection and low prediction accuracy. Therefore,
intelligent algorithms such as gray wolf optimization and ant lion optimization are often
used to optimize the SVR kernel parameters, thereby improving the accuracy of battery life
prediction [22,23].

Machines 2022, 10, x FOR PEER REVIEW 4 of 15 
 

 

aging. The actual capacity of the battery is the maximum power that the battery can re-
lease when fully discharged under the specified discharge conditions. Its value can be 
calculated by integrating the current over time. Due to the limitation of test conditions, 
many researchers have studied battery RUL based on battery test data published by the 
Center for Advanced Lifecycle Engineering at the University of Maryland (CALCE, Col-
lege Park, MD, USA) and National Aeronautics and Space Administration (NASA, San 
Francisco, CA, USA) [19]. Figure 2 shows the capacity data of B5, B6, B7, and B18 batteries 
disclosed by NASA. The capacity decay curve formed by arranging the battery capacity 
data according to the number of cycles conforms to the time series and has obvious non-
linear characteristics. The support vector regression (SVR) method can better solve non-
linear problems [20,21]. Therefore, some literatures use the battery capacity in the NASA 
and CALCE battery data sets as the HI for evaluating battery aging, and use SVR to pre-
dict the battery RUL. However, SVR has the problems of difficult parameter selection and 
low prediction accuracy. Therefore, intelligent algorithms such as gray wolf optimization 
and ant lion optimization are often used to optimize the SVR kernel parameters, thereby 
improving the accuracy of battery life prediction [22,23]. 

 
Figure 2. Battery Capacity Decay Curve. 

Li-ion battery systems typically exhibit nonlinear and non-Gaussian behavior. Com-
pared to the Kalman filter (KF) algorithm [24], which is applied to Gaussian noise and 
linear model problems, the particle filter (PF) algorithm can handle arbitrary nonlinear 
models. Therefore, the particle filter algorithm has a higher prediction accuracy and sta-
bility for battery life [25,26]. Therefore, some researchers established a battery aging 
model based on the capacity decay curve obtained from the public data set, and combined 
the PF algorithm to predict the battery life. For example, reference [27] takes the battery 
capacity as the health indicator, and achieves the RUL prediction of lithium-ion batteries 
based on the double exponential model and the PF algorithm. Reference [28] establishes 
a new capacity degradation model based on the battery capacity degradation curve, and 
uses the PF algorithm to improve the accuracy of the remaining life prediction of lithium-
ion batteries. However, the PF algorithm suffers from particle degradation and particle 
barrenness. The resampling strategy can solve this problem to a certain extent, but it leads 
to the loss of particle diversity [29,30]. Another strategy is to choose a reasonable proposal 
density distribution. The unscented particle filter (UPF) algorithm uses the unscented Kal-
man filter (UKF) algorithm as the proposed density distribution, which improves the par-
ticle degradation problem and improves the prediction accuracy [31]. For example, the 
reference [32] introduces the UKF algorithm and the linear optimization combined 
resampling algorithm into the basic PF algorithm. Therefore, a fusion UPF algorithm is 
proposed to predict battery life, and the effectiveness of the method is experimentally 
verified. To further improve the accuracy of RUL prediction, the UPF algorithm is used to 

Ba
tte

ry
 C

ap
ac

ity
 (A

h)

Figure 2. Battery Capacity Decay Curve.

Li-ion battery systems typically exhibit nonlinear and non-Gaussian behavior. Com-
pared to the Kalman filter (KF) algorithm [24], which is applied to Gaussian noise and linear
model problems, the particle filter (PF) algorithm can handle arbitrary nonlinear models.
Therefore, the particle filter algorithm has a higher prediction accuracy and stability for
battery life [25,26]. Therefore, some researchers established a battery aging model based on
the capacity decay curve obtained from the public data set, and combined the PF algorithm
to predict the battery life. For example, reference [27] takes the battery capacity as the health
indicator, and achieves the RUL prediction of lithium-ion batteries based on the double
exponential model and the PF algorithm. Reference [28] establishes a new capacity degra-
dation model based on the battery capacity degradation curve, and uses the PF algorithm
to improve the accuracy of the remaining life prediction of lithium-ion batteries. However,
the PF algorithm suffers from particle degradation and particle barrenness. The resampling
strategy can solve this problem to a certain extent, but it leads to the loss of particle diver-
sity [29,30]. Another strategy is to choose a reasonable proposal density distribution. The
unscented particle filter (UPF) algorithm uses the unscented Kalman filter (UKF) algorithm
as the proposed density distribution, which improves the particle degradation problem
and improves the prediction accuracy [31]. For example, the reference [32] introduces the
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UKF algorithm and the linear optimization combined resampling algorithm into the basic
PF algorithm. Therefore, a fusion UPF algorithm is proposed to predict battery life, and
the effectiveness of the method is experimentally verified. To further improve the accuracy
of RUL prediction, the UPF algorithm is used to dynamically estimate drift parameters
and system states. Reference [33] uses the UPF algorithm to dynamically estimate the drift
parameters and system state to further improve the RUL prediction accuracy. Reference [34]
used the double exponential empirical model fitting method to obtain the initial values of
the model parameters based on the capacity decay curve. Finally, the random disturbance
unscented particle filter algorithm is used to update the model parameters to predict the
remaining life of lithium-ion batteries and give the probability distribution of the prediction
results. The aging degree of lithium-ion batteries can be accurately expressed by capacity.
However, the battery capacity is usually obtained by calculating the complete charging and
discharging process by the ampere–hour integration method, which is time-consuming and
has accumulated errors in the ampere–hour integration method. Additionally, in practical
applications, lithium-ion batteries are generally not in a fully charged and discharged
working state. Therefore, the battery capacity is difficult to obtain online.

2.1.2. Battery Internal Resistance

In addition, with the continuous cycling of the battery, the internal resistance of the
battery will gradually increase with the increase of the number of charge and discharge
cycles. The increase in the internal resistance of lithium-ion batteries can cause failure
problems such as a decrease in discharge voltage and power, a decrease in energy density,
and an increase in battery temperature [35]. Therefore, the internal resistance of lithium-ion
batteries can also be used as a direct HI to characterize the aging degree of the battery.
In the field of electric vehicle power batteries, it is generally considered that the failure
threshold of the battery is when the internal resistance of the battery increases twice [36].
The internal resistance of the battery is usually obtained by electrochemical impedance
spectroscopy (EIS) analysis using the equivalent circuit model, as shown in Figure 3 [37,38].
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As shown in Figure 3, the intersection of the EIS curve and the horizontal axis is
described by the ohmic resistance (R0). The high-frequency arc is related to the impedance
of the battery EIS film, described by the film resistance (Rf) and the interfacial layer capaci-
tance (QSEI) caused by the dispersion effect. The intermediate frequency arc represents the
reaction impedance of the solid–liquid electrode interface, which is described by the charge
transfer resistance (Rct) of the interface reaction and the electric double layer capacitance
(Qd) caused by the dispersion effect [37]. The larger the arc of the intermediate frequency,
the greater of the load transfer resistance during the aging process of the battery. The
straight line approximated by the low-frequency band is related to the diffusion process
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of lithium ions in the electrode solid phase material, which is described by the Warburg
element of the diffusion impedance of lithium ions in the solid phase particles [39]. There-
fore, using the equivalent circuit model to analyze the EIS at different aging stages can
obtain the evolution law of the impedance components corresponding to different processes
with the aging of the battery. In turn, the current battery SOH and RUL predictions are
achieved. In the early RUL prediction of lithium-ion batteries, only using the R0as HI has a
large error [40]. Reference [41] takes battery capacity, R0 and Rct as HI. Additionally, the
extended Kalman filter and particle filter algorithms are used to predict the battery RUL,
respectively. Among them, Rct characterizes the difficulty of the electrode interface reaction
during battery aging. Therefore, using Rct as battery HI provides a new idea for battery
SOH and RUL prediction. The resistance of the battery Rct increases significantly with the
aging of the battery, which exhibits a first-order polynomial variation law. Therefore, the
battery-aging empirical model can be selected according to the principle of the smallest
fitting error of its decay change law. Additionally, use the particle filter algorithm to pre-
dict the battery RUL, so as to achieve the efficient management and maintenance of the
battery [38]. However, the resistance value and growth rate of Rct are also affected by the
temperature and the state of charge (SOC) of the battery [42]. Therefore, reference [43]
studies the Rct at different temperatures and SOC as the battery HI to estimate the battery
SOH. The research results show that the uncertainty of the Rct obtained by fitting the EIS
at high SOC and high temperature is high, which makes the SOH estimation have a large
error. The Rct obtained by fitting the EIS at 50% SOC and 298 K has the highest estimation
accuracy for the battery SOH. It can be seen from the above content that the change in the
internal resistance of the battery can characterize the aging state of the battery. However,
in the actual application process, it is a very complicated and time-consuming thing to
measure the internal resistance of the battery by EIS. Additionally, this process requires
professional testers and a harsh test environment. Therefore, it is difficult to carry out
engineering application.

Both battery capacity and internal resistance are important indicators to characterize
battery SOH and RUL. However, using the capacity or internal resistance as the direct HI
of the battery needs a many laboratory or offline tests. It not only requires sophisticated
instruments and equipment, but also excludes external environmental interference factors,
so online acquisition and real-time prediction cannot be achieved. Therefore, how to extract
indirect HI from monitorable state parameters has become a hot issue for researchers.

2.2. Indirect Health Indicator

The indirect HI of a battery refers to a characteristic parameter extracted from the
battery charge and discharge data that can characterize the degree of battery aging, except
for capacity and internal resistance, which has a strong correlation with the battery aging
characteristics. Constructing a simple and easy-to-measure indirect HI can solve the
problem that direct HI is difficult to obtain online. It can also characterize battery aging
well and be used for battery SOH and RUL prediction [44,45]. The flow of battery SOH and
RUL prediction based on indirect HI is shown in Figure 4 [17,46].
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Figure 4. Flowchart for Predicting Battery SOH and RUL Based on Indirect HI.

As can be seen from Figure 4, the prediction process is mainly divided into two stages:
feature engineering and model construction. Feature engineering mainly analyzes the
original data and analyzes the external data during the charging and discharging stage
of the battery. The characteristic parameters that can characterize the aging degree of the
battery are extracted from it. After correlation analysis is performed on the extracted feature
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parameters, the feature parameters with high correlation are used as the indirect HI of the
battery. Model construction is to build a battery aging model based on the extracted indirect
HI. As the battery ages, external data such as battery voltage, current, and temperature
change, as shown in Figure 5. Therefore, researchers usually extract the battery indirect
HI from the voltage, current and temperature data that are easily monitored online to
characterize the battery aging state.
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2.2.1. Indirect HI Based on Discharge Process

During the discharge process of a battery, it takes a period of time for its voltage to
drop from a relatively high voltage to a lower voltage [47]. This time will decrease as the
number of battery charge–discharge cycles increases. Therefore, taking the discharge time
of equal voltage drop as the indirect HI of the battery can be used to estimate the aging state
of the battery [48]. With the increase in the number of charge–discharge cycles of the battery,
the rate of decrease in the discharge voltage gradually becomes faster. Therefore, using
the voltage difference change in the same time interval as the battery indirect HI can also
characterize the aging state of the battery [49]. In the battery cycle charge and discharge test,
when the discharge current is the same, the duration of the discharge process directly affects
the battery discharge capacity. Therefore, taking the duration of the discharge process
as the indirect HI can characterize the aging state of the battery [50]. Other studies have
found a strong linear correlation between battery capacity decay and the rate of change
in battery temperature. Therefore, the temperature change rate as the indirect HI can also
well characterize the aging degree of the battery, and the prediction accuracy of the SOH
and RUL of the battery is high [51]. In the external data based on the battery discharge
stage, researchers also often extract the discharge voltage sample entropy, average voltage
and average current as the battery indirect HI. Reference [44] extracted the mean value of
voltage fluctuation over a period of time from the battery discharge curve as an indirect HI
for battery RUL prediction.

Because the battery initial data are complex and non-linear, it is necessary to preprocess
the data and the extracted feature parameters. In view of the influence of measurement
noise in the battery data acquisition process, reference [52] uses wavelet transform to
preprocess the data to remove the noise in the data acquisition process. At the same time,
there is a local capacity regeneration phenomenon in the battery aging data. The data can
be smoothed using empirical mode decomposition techniques. Reference [53] uses the
battery capacity and the discharge voltage difference at equal time intervals as the battery
indirect HI, and uses the phase space reconstruction method to reconstruct the time series
of the extracted HI. Additionally, the ensemble empirical mode decomposition method is
used to preprocess the reconstructed time series data of the two HIs to avoid the influence
of data noise. Finally, combined with genetic algorithm and support vector machine, the
battery RUL is predicted. In addition to the above methods for smoothing the initial data,
methods such as moving average and Gaussian filtering are often used [54,55].
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2.2.2. Indirect HI Based on Charging Process

The above-mentioned indirect HI extracted based on the battery discharge stage
and changed with the increase in the number of cycles of charging and discharging can
characterize the aging state of the battery. Additionally, indirect HI can achieve online
monitoring and easy direct measurement. However, the indirect HI extracted based on
the battery discharge stage is often only suitable for fixed constant current discharge
conditions. However, in practical applications, it is difficult for lithium-ion batteries to
maintain a constant current state for continuous discharge. Compared with the complex
and changeable discharge process, the charging process of the battery is often in the constant
current-constant voltage mode, and the working conditions are relatively stable and less
affected by external factors. Additionally, in practical applications, the battery is often used
after it is fully charged, so the indirect HI extracted based on the battery charging stage
will be more in line with practical applications.

As the battery is continuously charged and discharged, the polarization degree of the
battery deepens, and the duration of constant current charging decreases. The constant
current charging duration of the battery directly affects the amount of power charged into
the battery, and can also characterize the degree of polarization of the battery. Therefore,
the constant current charging duration can be used as an indirect HI to characterize the
aging degree of the battery [56]. As the number of battery cycles increases, the battery
terminal voltage also has a significant difference. Therefore, reference [57] regards the
terminal voltage difference during the charging process of different cycles as the indirect HI,
and achieves the battery RUL prediction based on the combination of a feedforward neural
network and importance sampling. Some studies have also shown that the charging voltage
curve of the battery has a good consistency with the battery capacity decline. Therefore,
the charging voltage curve can be used to characterize the aging degree of the current
battery. However, in the actual use of the battery, it is often difficult to obtain a complete
charging voltage curve. Therefore, some researchers use the traversal optimization method
to find the optimal voltage segment, and extract the equal voltage rise time of the optimal
voltage segment as the indirect HI. Based on this, a battery aging model is established [58].
Some researchers also use the particle swarm optimization algorithm to obtain the optimal
voltage or current variation range during the battery charging phase. It avoids that the
voltage and current of the battery are in a fully charged and discharged state, which is more
in line with the actual working range of the battery [59–61].

In addition to extracting indirect HI from data external to the battery, one can also start
with mathematical geometry. Reference [62] selects the duration of the constant voltage
charging mode, the duration of the constant current charging mode and the slope at the
turning point of the constant current charging mode as indirect HI. The grey correlation
degree method was used to analyze the correlation degree between the selected HI and the
battery aging state. Reference [63] uses the arc length, normal and curvature of the battery
during the constant current charging phase to characterize the state of health of the battery.
Additionally, the battery aging model based on mathematical geometry HI is established to
predict the battery SOH through the neural network algorithm.

Theoretically, the change in the voltage of the battery during operation can reflect its
internal electrochemical properties. However, the information observed in the normal charge–
discharge curve is very limited, and the electrochemical changes in the positive and negative
electrodes of the battery cannot be accurately analyzed. Therefore, some researchers conduct
analysis based on the incremental capacity (IC) curve, and extract health indicators that can
reflect battery aging from the IC curve to predict battery life [64,65]. The battery capacity
increment is obtained by calculating the change in capacity due to a unit voltage change
(dQ/dV) in a voltage–capacity (V-Q) curve for constant current charging. That is, the
capacity increment curve is derived from the V-Q curve, but in practice the numerical
difference (∆Q/∆V) is usually used instead of dQ/dV [66]. In the case of constant current
charge and discharge, the IC curve is related to the derivative (dV/dt) of the voltage–time
curve, as shown in Equation (2). Therefore, the capacity increment curve can convert the
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voltage plateau that is difficult to observe and analyze with slow voltage changes during
the charging process of the battery into a peak value on the capacity increment curve that
is easy to observe and analyze [67,68]. The battery IC curve is shown in Figure 6. It can
be seen from (a) and (b) of Figure 6 that the multiple health indicators can be extracted
from the IC peaks (peak A, peak B), including peak height, peak position, peak area, peak
width, and the left and right slope of the peak. Through the change in these parameters, the
aging mechanism of the battery can be analyzed to predict the remaining service life of the
battery. In order to improve the accuracy of battery SOH estimation, reference [69] extracts
HIs from different peak intervals of the battery IC curve, and selects the peak interval
with high correlation with battery SOH for battery SOH estimation. The influence of the
peak interval on the SOH estimation is verified with the data of the 5th, 6th, 7th and 18th
batteries provided by NASA, and the selected peak interval can meet the high-precision
requirements of the battery SOH estimation. Reference [70] uses the battery static charging
curve to extract the peak position and peak valley position of the IC curve as HIs to predict
the battery life. The research results show that extracting the HIs on the IC curve can not
only meet the estimation accuracy, but also reduce the computational complexity. The
reference [47] extracts multiple HIs based on the IC curve, and simplifies the His from two
aspects of data quality and practical application, and establishes a battery aging model
to predict battery life. The reference [71] selects the fixed voltage interval on the left and
right sides of the peak value of the IC curve to obtain the discharge area capacity under the
fixed voltage interval, thereby establishing a linear function of the area capacity and SOH.
The NASA battery data set is used for verification, and the results show that the estimation
error of SOH is less than 2.5%. The reference [72] extracts the peak of the IC curve and the
area under the peak as health indicators, and proposes a new method for RUL prediction of
lithium-ion batteries that fuses incremental capacity analysis and Gaussian regression process.

IC =
dQ
dV
≈ ∆Q

∆V
=

I × t
∆V

=
I

∆V/∆t
(2)

Table 2. Battery Indirect HI selection.

discharge process

total voltage at the beginning of discharge, total voltage at the end of
discharge, time interval of equal voltage drop, voltage difference at the
same time interval, sample entropy of discharge voltage, rate of
temperature change during discharge, battery capacity increment, depth of
discharge, maximum discharge current, average voltage, average current,
maximum feedback current, capacity increment curve in discharge stage.

charging process

terminal voltage change, time of constant current charging process, time of
constant voltage charging process, total time of charging stage, maximum
slope of charging voltage curve, maximum slope of charging current curve,
slope at the turning point of constant current charging mode, temperature
change in charging stage, equal voltage rise charging time, equal time
interval charging voltage rise, equal time interval charging current drop,
average voltage decay, battery capacity increment, arc length, normal and
curvature changes in the constant current charging phase.
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Figure 6. Battery capacity increment curve: (a) IC curve of a single cycle; (b) IC curve of multiple
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In the formula, IC represents the capacity increment value of the battery; Q represents
the battery capacity during charging; V represents the terminal voltage of the battery; I
represents the charging current of the battery; t represents the charging time of the battery.

2.2.3. Fusion of HIs

Compared with the battery aging model based on a single indicator, the multi-indicator
fusion battery aging model has higher prediction accuracy. Additionally, as the number of
battery HI increases, the prediction accuracy gradually improves, in order to make up for
the lack of a single indicator to establish a battery aging model. Reference [73] extracted
the charging current difference and voltage difference at different time intervals as indirect
HI from the relatively stable charging process, and established a linear regression model
of battery aging. The battery life decline is affected by a variety of factors. Temperature
is also a key factor affecting battery cycle life. Therefore, the reference [74] extracts the
constant current charging time, the time change in the constant pressure difference and
the temperature change during the constant current charging stage as the indirect HI. The
multi-indicator fusion of the extracted HIs was carried out using the grey relational analysis
method and the entropy weight method. Finally, based on the indirect HI obtained by the
fusion of multiple indicators, a battery aging model is established to predict the battery RUL.

When predicting battery SOH and RUL based on multi-indicator fusion, the trend in
HI changes is different for different batteries. Therefore, it is difficult to directly judge the
degree of correlation between it and battery aging. In order to select a HI that is highly
correlated with battery aging, researchers often use methods such as Pearson, Spearman
correlation coefficient and grey correlation analysis to calculate the degree of correlation
between the extracted indirect HI and battery capacity decline [75,76].

The grey relational degree analysis quantitatively analyzes the similarity and difference
between the reference sequence and the surrogate sequence from the similarity degree of
the geometric curves of the two variable sequences [77]. The Pearson correlation coefficient
measures the degree of association between two variable series from the perspective of
the linear correlation of the two variable series. The Pearson correlation coefficient can
well describe whether there is a linear relationship between two variable series, but it is
greatly affected by outliers [78]. Compared with the Pearson correlation coefficient, the
Spearman correlation coefficient has a better ability to deal with abnormal data. The scope
of application of the two is also different. When the selected variable is a continuous
function and obeys a normal distribution, using the Pearson correlation coefficient has a
better effect. If any of the above conditions are not met, the Spearman correlation coefficient
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is more efficient [54,79]. In addition, some researchers employ Box–Cox variation to
improve the correlation between feature quantities and estimators [80,81]. By performing
Box–Cox changes on the historical data of lithium-ion batteries, the nonlinear capacity
decay trajectory can be linearized, which can greatly improve the prediction accuracy of
the linear model and effectively reduce the difficulty of battery RUL prediction.

There must be overlapping information between HIs that are highly correlated with
battery aging. At this time, principal component analysis (PCA) is often used to reduce
dimensionality and remove redundancy for multiple HIs. PCA can reconstitute the original
higher number of variables into several fewer interrelated comprehensive variables while
maintaining the original information as much as possible [82,83]. Reference [84] used the
grey correlation degree to perform correlation analysis on the extracted 10 potential HIs,
and used PCA to fuse the data. The processed data are used as the input to the aging
model for RUL prediction of the battery. The research results show that the method has
high prediction accuracy. Compared with the PCA method, the mutually independent HI
extracted based on the kernel principal components analysis (KPCA) method can more
significantly reflect the battery performance degradation. It can reduce the influence
of noise while reducing parameter redundancy. Reference [85] uses KPCA to extract
characteristic parameters and fuse multiple indicators for the measurable discharge current
and voltage of the battery. Then, they use the Spearman correlation coefficient to select the
characteristic parameter with high correlation with battery aging as HI. Finally, the battery
life is predicted based on the adaptive neural network fuzzy inference system. Studies have
shown that the HI extracted by this method is highly correlated with battery aging. Fusion
of multiple indirect HIs without overlapping information can greatly improve the accuracy
of battery life prediction. It can be seen that the indirect HI extracted from the external data
of the battery can well characterize the aging degree of the battery. At the same time, it also
avoids the defect that direct HI cannot be obtained online and predicted in time [86,87],
considering that the external data obtained in the battery discharge stage is greatly affected
by external factors. Therefore, the indirect HI extracted based on the battery-charging stage
is more suitable for practical applications. Moreover, the battery aging model established
by multi-indicator fusion of multiple indirect HIs extracted during the charging phase is
more accurate than the aging model established based on a single indicator.

3. Summary

In this paper, a review is carried out on the relevant work and research results of the
selection of health indicators of lithium-ion batteries. The advantages and disadvantages
of direct HI and indirect HI to characterize the aging degree of batteries are summarized.
The conclusions and prospects are as follows:

(1) When using the battery direct HI to estimate the battery SOH and predict the RUL,
the step of extracting the indirect HI through feature engineering can be omitted, and the
battery SOH and RUL have high estimation accuracy. However, online monitoring and
real-time acquisition of battery capacity cannot be achieved, and it is very complicated
and time-consuming to use electrochemical impedance spectroscopy to measure battery
internal resistance. Therefore, SOH and RUL estimation based on direct health indicators
are difficult to apply in practical engineering.

(2) Constructing simple and easy-to-measure indirect HIs from battery external data
can solve the problem that a direct HI is difficult to obtain online, and can also well
characterize battery aging characteristics. The external data of the battery during the
discharge phase are not objective enough due to the different individual usage habits and
usage environments. In the charging phase of the battery, the car is in a stopped state; the
battery does not provide energy to the outside world and is less affected by external factors.
Therefore, the indirect HI based on battery charging stage data extraction is more accurate
and stable for battery SOH and RUL prediction.
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(3) After the correlation analysis and multi-indicators fusion of multiple indirect HIs
of the battery, the established battery aging model has higher prediction accuracy than the
battery aging model established based on a single HI.

The advantages and disadvantages of various health indicators are summarized in
Table 3.

Table 3. Comparison of advantages and disadvantages of various HIs.

HI Classification Advantage Disadvantage

Direct HI

Battery Capacity

Directly characterize battery
aging with high accuracy for
battery SOH estimation and
RUL prediction

It is impossible to realize
online monitoring and
real-time acquisition; it is
calculated by the –integral
method, which is
time-consuming and has
accumulated errors

Battery Internal Resistance Strong correlation with
battery aging

Measuring battery internal
resistance with EISEIS is
complex and time-consuming

Indirect HI

HIs Extracted Based on The
Discharge Process

The aging state of the battery
can be monitored online

Affected by external factors,
the collected data are not
objective enough

HIs Extracted Based on The
Charging Process

Less affected by external
factors, the collected data are
relatively accurate

Unable to monitor battery aging
status while the car is in motion

Fusion of multiple HIs

Considering multiple factors
that affect the aging of battery
performance, fully including
the aging information of
the battery

The amount of calculation
increases and there is
redundant information
between multiple health
indicators, which requires
preprocessing

4. Future Development

The side reactions between the electrolyte and the electrodes during the charge and
discharge of ion batteries can lead to the deterioration of the battery chemistry. When
the battery is in a static state, the electrochemical performance is recovered to a certain
extent, and the battery has a local capacity regeneration phenomenon. The HI in the
actual operating state of the lithium-ion battery not only contains the information on the
overall decay trend in the battery. It also includes local regeneration components and
noise fluctuation components caused by battery standing. It exhibits nonlinear and non-
stationary characteristics. Therefore, in the future, suitable preprocessing methods should
be studied to deal with the inaccurate prediction of battery RUL due to the instability of
HI, and health indicators that can reflect the phenomenon of battery capacity regeneration
should be selected.
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