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Abstract: With the further development of the electric vehicle (EV) industry, the reliability of
prediction and health management (PHM) systems has received great attention. The original Li-ion
battery life prediction technology developed by offline training data can no longer meet the needs
of use under complex working conditions. The existing methods pay insufficient attention to the
dispersive information of health indicators (HIs) under EV driving conditions, and can only calculate
through standard configuration files. To solve the problem that it is difficult to directly measure the
capacity loss in real time, this paper proposes a battery HI called excitation response level (ERL) to
describe the voltage variation at different lifetimes, which could be easily calculated according to
the current and voltage under the actual load curve. In addition, in order to further optimize the
proposed HI, Box–Cox transformation was used to enhance the linear correlation between the initially
extracted HI and the capacity. Several Li-ion batteries were discharged to the 50% state of health
(SOH) through profiles with different depths of discharge (DODs) and mean states of charge (SOCs)
to verify the accuracy and robustness of the proposed method. The average estimation error of the
tested batteries was less than 3%, which shows a good performance for accuracy and robustness.

Keywords: Li-ion battery; online lifetime estimation; voltage variation; Box–Cox transformation

1. Introduction

With the further development of the electric vehicle (EV) industry, and in order to avoid or
warn of battery performance failures as much as possible, the reliability of the prediction and health
management (PHM) system of EV batteries has received greater attention from enterprises [1,2].
The PHM system uses the state of charge (SOC) and the state of health (SOH) to comprehensively
evaluate the state of the EV battery. Of these, the degradation degree of battery aging represented
by SOH is an important parameter for carrying out battery fault diagnosis and obtaining safety early
warning [3,4].

Generally, the degree of decrease in the capacity of a Li-ion battery is monitored as a health
indicator (HI) of battery degradation. On the one hand, the original Li-ion battery life prediction
technology developed based on offline training data can no longer meet the needs of use under
complex working conditions. This is because the operating environment temperature, load conditions,
and charging status of Li-ion batteries used in EVs undergo unpredictable and drastic changes under
actual complex working conditions [5]. Thus, it is very difficult to design the cyclic accelerated aging
test under the working conditions similar to the actual operating conditions of the EV’s Li-ion battery.
In addition, the effectiveness of the collected offline training data is difficult to guarantee. On the
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other hand, it is difficult to directly measure the capacity loss in real time under EV driving conditions,
and the dispersion of battery characteristics further causes uncertainty in the evaluation [6]. Therefore,
many effective methods to explore HIs through measurable signals like voltage, current, and so on
have been proposed. HIs based on impedance, voltage, and charging curves have been proposed.

In recent years, many SOH estimation methods have been proposed. Most of the research
studies agree that capacity fading can be represented by the change in internal resistance and other
parameters in equivalent circuit models (ECMs) [7]. The resistance method can perform online
evaluation based on the correlation between capacity attenuation and battery impedance (ohmic
internal resistance, SEI resistance, etc.), but the reasonable choice of the model has a greater impact
on impedance identification [8]. The information theory method is based on the estimation of the
correlation between the capacity attenuation and the voltage response complexity under the same
excitation. The calculation is simple and easy to implement. However, due to the dispersion of battery
characteristics, the applicability of the fitting results is poor. In recent years, lifetime estimation methods
based on HIs exacted from incremental capacity (IC), differential voltage (DV), open circuit voltage
(OCV), and sample entropy of discharging voltage curves have been proposed [9,10]. The analysis
method based on the IC curve allows the analysis of the aging mechanism of the battery according
to the correlation between the aging mechanism and the peak drop and translation characteristics
of the IC curve [11,12]. However, it is difficult to obtain the IC curve completely in actual vehicle
conditions, and it is difficult to achieve quantitative analysis. The DV curve is obtained from the
constant current (CC) charging curve when the battery is charging. It can also identify the aging
mechanism and estimate the health of the battery. It can potentially be used for online diagnosis and
prognosis services in the battery management system (BMS). However, its estimation process is very
complicated [13,14]. Since there is a certain correlation between OCV and SOC, SOH, and SOC, using
OCV can effectively track battery SOH online. However, it is difficult to perform online monitoring of
OCV of EV batteries, because the measurement of OCV requires a long time to stand still in order to
reach a steady state [15,16]. By detecting the modified sample entropy of the battery voltage sequence,
an effective calculation method can be provided for the diagnosis and prediction of different battery
faults. In addition, the data can be analyzed and quantified according to the law. However, this method
takes a long time and requires additional capacity parameters when calculating sample entropy [17,18].
Furthermore, these methods focus mostly on the batteries used in EV applications and pay attention
insufficiently to the dispersion information of the HIs. In addition, the online lifetime estimation cannot
be achieved because the HIs can only be calculated through standard profiles. Hence, it is expected
that researchers select an accurate and robust HI for the online lifetime estimation of EV batteries to
show better performance in reducing the dispersion. Finally, an online battery SOH estimation method
with high accuracy and low dispersion and that meets the needs of the vehicle environment must
be proposed.

In this paper, we introduce a battery HI called excitation response level (ERL). The ERL can be
calculated easily based on current and voltage under actual load profile, which is effective for the
online lifetime estimation of the EV power Li-ion battery of the BMS. In addition, in order to further
optimize the life index ERL, Box–Cox transformation is used to enhance the linear correlation between
the initially extracted ERL and the capacity [19].

The rest of this article is organized in the following order: Section 2 introduces the calculation
method of ERL and the steps of the Box–Cox transformation method. Section 3 introduces the
experimental process. Based on the extraction and optimization of ERL, and the experimental work on
the characteristics of Li-ion batteries, the experimental results of the Li-ion batteries are compared and
analyzed to verify the effectiveness and accuracy of the method in Section 4. Finally, is the conclusions
are summarized in Section 5.



World Electric Vehicle Journal 2020, 11, 59 3 of 11

2. ERL-Based Lifetime Estimator

2.1. ERL Extraction

When the battery is in a low capacity state, the transient part of the EV’s driving signal causes it to
undergo frequent charging and discharging processes, which accelerates the aging of the batteries [1].
Voltage response is the most intuitive reflection of battery performance. The voltage variation under
the hybrid pulse is shown in Figure 1. It is obvious that voltage variation under a certain current
excitation can reflect battery aging, which is similar to the research studies carried out in [20,21].
Thus, HIs extracted in the voltage response curves can be effective for SOH estimation.
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However, extracting some certain points in the voltage response curve as HI, such as the maximum
voltage [22], may be easily affected by the error of the voltage sensor, and furthermore, it cannot
represent voltage fluctuations for a period of time. Therefore, the concept of standard deviation is
employed to describe the fluctuation degree of voltage response sequences in Figure 1 in this paper.
The standard deviation values of current excitation and related terminal voltage variation are shown
in Equation (1) as follows:

σV =

√√√
1
N

N∑
i=1

(
Ui −U

)
, σI =

√√√
1
N

N∑
i=1

(
Ii − I

)
(1)

where N is the number of sampling points, and U and I are the mean voltage and current values of
all sampled voltage and current values, respectively. However, the standard deviation of the voltage
variation at different lifetimes is not comparable because different currents may be applied to the
battery. Thus, the ERL is proposed to eliminate the influence of different excitations on voltage changes,
which introduces variation information of current sequences as shown in Equation (2):

ERL =
σV

σI
(2)

In engineering, the voltage and current can be sampled by the BMS. Generally, a sampling
frequency of 1 Hz is sufficient for the BMS. The voltage and current of the first 120 s discharge after the
battery is fully charged can be collected, and then the ERL can be calculated based on Equations (1)
and (2). It is worth noting that the ERL is significantly influenced by the impedance characteristics of
batteries, and thus is affected by the range of SOC. Therefore, the influence of SOC should be eliminated
as much as possible when the ERL is used as an HI to describe the capacity degradation. The first 120 s
load profile was employed in this paper to ensure that the SOC remained at approximately 100%
after the ERL was calculated. In addition, the first 120 s load profile can effectively ensure sufficient
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information about load variation. It is worth noting that the criteria of the first load profile can be
adjusted according to the actual application scenarios.

Compared with other HIs based on voltage variation mentioned above, which mostly require
a certain excitation, the ERL can be calculated directly through the actual load profile. Moreover,
the ERL differs from methods such as information entropy because it requires no matrix inversion and
is more applicable to the embedded system.

2.2. Box–Cox Transformation

Generally, it is better to use a linear fitting relationship in the BMS. Although the HI can reflect the
degradation process of the system, its performance may not be a fully linear relationship due to the
complexity of the underlying degradation process [23]. Thus, the Box–Cox transformation theory was
used to enhance the linear correlation between the initially extracted ERL and the capacity in order to
further optimize the life index ERL.

Box–Cox transformation is a data transformation method based on maximum likelihood
estimation. The main function is to make the transformed data obey or approximately obey the
normal distribution [10,24]. The calculation equation is composed of the raw data y, the transformation
parameter λ, and the transformed data y(λ). The specific transformation equation is as follows:

y(λ) =

 yλ−1
λ ,λ , 0

log y,λ = 0
(3)

In the linear regression model, Equation (3) can be expressed as follows:

yi
(λ) = β0 + β1xi1 + β1xi2 + · · ·+ βqxiq + εi (4)

where β0, β1, . . . , βq are the coefficients, q is the number of independent variables, and εi are independent
random errors and satisfy εi ∼ N(0, σ2), i = 1, 2, · · · , n.

There are two methods for estimating the parameter λ in the Box–Cox transformation—one is
maximum likelihood estimation and the other is the Bayes method. In this paper, the maximum
likelihood estimation method was used, which is easy to understand and compute.

First, the conversion result is assumed to be y(λ) ~ N(Xβ, σ2I), where X is a design matrix with
X = (X1, X2, . . . , Xn)T, Xi = (1, xi1, xi2, . . . , xiq), β = (β0, β1, . . . , βq)T and the model parameters are
(λ, β, σ2). Construct the likelihood function L(λ, β, σ2|y, X) as follows:

L
(
λ, β, σ2

∣∣∣y, X
)
= f (y(λ)) =

exp
(
−

1
2σ2

(
y(λ)
−Xβ

)T(
y(λ)
−Xβ

))
(2πσ2)

n
2

J(λ, y) (5)

where f (y(λ)) is the density of y(λ) and J(λ,y) is the Jacobian of y transformed into y(λ), namely

J(λ, y) =
n∏

i=1
yλ−1

i .

It can be noted that the likelihood equation is proportional to the (β, σ2) likelihood equation used
to estimate the observed y(λ) for each fixed λ. Therefore, the maximum likelihood estimation formula
of (β, σ2) can be obtained as follows:

β̂(λ) =
(
XTX

)−1
XTy(λ) (6)

σ̂2(λ) =

(
y(λ)
−Xβ

)T(
y(λ)
−Xβ

)
n

(7)
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Finally, substituting β̂(λ) and σ̂2(λ) into Equation (5), we can obtain the log-likelihood of the
distribution of λ by maximizing the likelihood function of (β, σ2):

L(λ) = C−
n
2

log(σ̂2(λ)) + (λ− 1)
n∑

i=1

log(yi) (8)

The corresponding λ when L(λ) reaches the maximum value obtained through optimization can
be obtained by Equation (9):

g(λ) = −
n
2

log(σ̂2(λ)) + (λ− 1)
n∑

i=1

log(yi) (9)

The steps to determine the parameter λ are as follows [10]:

(a) Choose an initial value of λ within a suitable range (such as [–5,5]).
(b) Substitute the initial λ to calculate the corresponding g(λ).
(c) Calculate all g(λ) corresponding to the remaining λ in turn.
(d) Plot the correlation curve of g(λ) and λ.
(e) Select the λ that maximizes g(λ).

The Box–Cox transformation requires no prior information and the calculation process is simple,
which has great engineering application potential.

3. Experimental Section

In this study, Li(NiCoMn)O2 (NCM) batteries were employed to verify the performance of the
proposed method, and the specifications are shown in Table 1. The test bench, shown in Figure 2,
consists of a Neware BTS-4000-5V/10A machine (Shenzhen, Guangdong, China) with a sampling
frequency of 10 Hz and a sampling terminal voltage accuracy of 0.1% [25]. The batteries were kept in
a thermostat at 25 ◦C.
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Table 1. Battery specifications.

Type Size Terminal
Voltage (V)

Operating
Voltage (V)

Capacity
(Ah)

Maximum
Discharge Rate (C)

Li(NiCoMn)O2 (NCM) 21,700 3.7 2.7–4.2 4 4

In this study, a combination of cycling-induced aging test (CAT) and calibration test (CT) was
performed [26], which is shown in Figure 3. The CAT ended when SOH was less than 50%. The profiles
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are shown in Table 2. The CT was performed every 3% of capacity. The CT comprised a capacity
calibration test, a dynamic stress test (DST), and a constant current (CC) test. DST is one of the typical
working conditions of EVs, which can effectively simulate the dynamic discharge process. For the
DST profile, current rates are high, but the durations are short. Therefore, they are considered to be
the simplified duty cycles for frequency regulation applications in energy storage systems. In the CC
profile, the maximum current rate is lower, but the SOC range is larger and the cycle duration is longer.
Therefore, it is applicable for peak shaving applications [27].
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Table 2. Cycling-induced aging test (CAT) profile.

Battery Depth of Discharge (DOD) State of Charge (SOC) Ranges

# 1 50% 25–75%
# 2 50% 35–85%
# 3 40% 30–70%

4. Results and Discussion

4.1. Estimation Dispersion of ERL

The initial ERL was calculated based on the working parameters of the EV’s Li-ion battery obtained
in the experiments. Two scatter plots were used to show the relationship between the ERL and the
remaining capacity of the three test batteries under DST and CC conditions, as shown in Figure 4.
The black solid line represents the fitting curve with minimum deviation and the red dashed lines
represent the fitting curves with specified confidence interval. It can be observed that there is a certain
linear relationship between the extracted ERL and the battery capacity. However, linearity still has
much room for improvement. Meanwhile, the dispersion of ERL under the DST profile was lower than
that under the CC profile, which indicates that the ERL-based method exhibits better performance
under EV dynamic working conditions (such as frequent starting and stopping). In addition, it is
obvious that the dispersion between batteries further increases with aging, which reduces the accuracy
of lifetime estimation. Therefore, it is necessary to use the Box–Cox method to optimize the ERL index
extraction process in order to obtain more accurate online lifetime estimation results within the full
capacity range.
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4.2. Optimization of ERL

In order to further improve the linear relationship between the extracted ERL and the battery
capacity after calculating the original ERL, the Box–Cox transformation was applied as described in
Section 2.2.

The linear model of capacity and ERL is as follows after using the Box–Cox transformation with
a specific parameter λ:

C(λ) = β0 + β1ERL + ε = Xβ+ ε (10)

where X = [1, ERL], β = [β0, β1]T, and C(λ) can be transformed as follows:

C(λ) =

 Cλ−1
λ ,λ , 0

log C,λ = 0
(11)

The parameter λwas found using the steps proposed in Section 2.2 that maximize the log-likelihood
function. Figure 5 shows the curve relationship between the log-likelihood function and the parameter
λ. The log-likelihood function first increases with the increase of λ. When λ = 0, the log-likelihood
function curve reaches its peak, and the value is maximized. Then, the log-likelihood function curve
begins to decrease. Therefore, λ = 0 was selected for the Box–Cox transformation, and the results are
shown in Figure 6, which shows the relationship curve between transformed ERL and the capacity.
By comparing Figures 4 and 6, it can be observed that the relationship between the transformed ERL
and the capacity is closer to linear.
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function curve begins to decrease. Therefore, λ = 0 was selected for the Box–Cox transformation, and 
the results are shown in Figure 6, which shows the relationship curve between transformed ERL and 
the capacity. By comparing Figures 4 and 6, it can be observed that the relationship between the 
transformed ERL and the capacity is closer to linear. 
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4.3. Estimation Result

Figure 7 shows the estimation results of all tested batteries. The capacity of each battery was
estimated based on the fitting relationship in Figure 6. It can be clearly observed from Figure 7 that the
estimator shows high estimation accuracy in 15 selected cycles even when the battery’s lifetime is less
than 70%. It is worth noting that the proposed estimator is robust enough, considering the difference
in cycling-induced aging profiles of the three tested batteries.
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Two lifetime estimation methods including the “internal resistance (IR) based method [7]” and
the “IC curve-based method [11]” were employed to compare with the proposed ERL-based method.
The average error and peak error of different methods are shown in Figure 8 and Table 3. The peak
error of the ERL-based method is 5.89% and the average error is 3.09%, which are obviously less than
the other methods.

Although the effectiveness of the abovementioned methods in lifetime estimation for batteries
used in EVs has been proven, the dispersion between batteries with reduced capacity decreases the
robustness of the above methods as the battery ages further in other applications. Thus, the results
indicate that it is necessary to use ERL to eliminate dispersion.
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Table 3. Error of lifetime estimation.

Error IR-Based Method IC-Based Method ERL-Based Method

Peak error 18.58% 15.84% 5.89%

Average error 4.90% 5.02% 2.95%

5. Conclusions

In this paper, an ERL-based lifetime estimator was proposed for the online lifetime estimation of
EVs under complex driving conditions. The proposed ERL was easily calculated based on the current
and voltage under the actual load curve. The Box–Cox transformation enhanced the linear correlation
between the originally extracted ERL and the capacity, which made the ERL more accurate and could
effectively quantify the battery degradation characteristics. Numerous experiments showed that the
estimation average and peak errors of the tested batteries were all less than 3% and 6%, respectively,
while the training set consisted of three cells. The impact of battery dispersion on estimation was
reduced, which showed a good performance for the accuracy and robustness of the online lifetime
estimation of the EV power Li-ion battery under actual dynamic working conditions. The applicability
of more cells under various profiles will be verified in future work.
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