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ABSTRACT Achieving accurate and reliable remaining useful life (RUL) prediction of lithium-ion batteries
is very vital for the normal operation of the battery system. The direct RUL prediction based on capacity
largely depends on the laboratory condition. A novel method that combines indirect health indicator
(HI) and multiple Gaussian process regression (GPR) model is presented for the RUL forecast to solve
the capacity unmeasurable problem of operating battery in this paper. First, three measurable HIs are
extracted in the constant-current and constant-voltage charge process. Both the Pearson and Spearman rank
correlation analytical approaches show that the correlations between HIs and the capacity are good. Then, the
GPR model is optimized with combined kernel functions to improve the ability to predict capacity regen-
eration. Next, based on the measurable HI versus cycle number data, three GPR models are built, and HIs
prognosis results are achieved at a single point. The HIs prediction results are added in the multidimensional
GPR model, which is accomplished by using Hls and capacity as input and output, respectively. The predicted
capacity is used to compare with the threshold to acquire the RUL prediction result. The approach is validated
by the two different life-cycle test datasets. The results indicate that an accurate and reliable RUL forecast
of lithium-ion batteries can be realized by using the proposed approach.

INDEX TERMS Remaining useful life, lithium-ion battery, health indicator, Gaussian process regression.

I. INTRODUCTION

Owing to many advantages including high energy density,
low self-discharge and long lifetime, lithium-ion batteries
have been used and developed in a lot of fields, such as
automobiles, ships, and satellites [1], [2]. However, during
the continuous charge and discharge process of lithium-ion
batteries, the performance of lithium-ion batteries will dete-
riorate with capacity decreasing and impedance increasing,
which will cause equipment and system failures or even
catastrophic loss [3]. It is vital to achieve accurate and
reliable remaining useful life (RUL) prediction of lithium-
ion batteries in scientific research and practical application.
Through predicting the future variation trend of lithium-
ion batteries’ state and parameter, the accurate RUL pre-
diction can be accomplished, which is essential for battery
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management system design, battery prognostics and health
management [4], [5]. It is necessary to solve the problems
in accuracy and reliability improvement of the prediction
methods and on-line recognition of battery degradation state.

Both model-based methods and data-driven methods have
been used in RUL forecast of lithium-ion batteries [6]—[8].
Bole et al. [9] built a Li-ion battery model by using the
electrochemistry theory and used an unscented Kalman filter-
ing algorithm to track parameters under randomized usage.
Hu et al. [10] comparatively analyzed characteristics of
twelve kinds of equivalent circuit models including com-
plexity, accuracy and robustness. Owing to complexity and
practical inconvenience of the electrochemical model and the
equivalent circuit model, other model-based methods also
adopt the empirical model to fit capacity degradation curve
and extrapolate the model to forecast RUL with Kalman fil-
ter [11], particle filter (PF) [12], unscented particle filter [13]
and interacting multiple model particle filter [14]. To develop
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a semi-empirical life model depending on aging mecha-
nism, Wang et al. [15] studied performance degradation of
the LiFePO4 battery and established a generalized battery
life model based on ampere-hour (Ah) throughput, charge-
discharge rate, and temperature. Wang et al. [16] developed
a conditional three-parameter capacity degradation model
which is more suitable for estimating RUL than the sum of
two exponential functions. Based on the exponential growth
model, Saha et al. [1] examined several different PFs to com-
plete the RUL prognosis task. To solve the sample degeneracy
and impoverishment problem, Wang et al. [17] proposed the
spherical cubature particle filter (SCPF) which could provide
more accurate RUL predictions than the standard PF-based
method. But one shortage of filter methods is that they are
based on a system state equation, which may be imprac-
tical for battery RUL prediction during its lifetime due to
the complexity of electrochemical reactions and degradation
mechanism inside the battery [18]. Zhang ef al. [19] estab-
lished a linear model with the transformed capacities and
cycles by using the Box-Cox transformation and the Monte
Carlo simulation to achieve on-board prediction independent
of offline training data.

The data-driven methods can mine deterioration informa-
tion and the evolution law of lithium-ion battery’s health state
directly. To reduce hardware cost and overcome difficulty
in getting an explicit quantitative formula, Wu et al. [20]
used feed forward neural network (FFNN), a machine learn-
ing method in statistical model, to definite RUL reflected
by voltage curves. Considering the capacity regeneration,
Zhou and Huang [21] combined empirical mode decompo-
sition (EMD) and autoregressive integrated moving average
(ARIMA) model to predict the global attenuation of capacity
accompanied by fluctuation. Li et al. [22] employed the sup-
port vector machine (SVM) algorithm to build a regression
model by training the terminal voltage and the voltage deriva-
tive during the charging process to estimate battery RUL indi-
rectly. These data-driven methods can give a satisfying and
accurate prediction result. However, the estimation results
of the above methods can only give the point prediction
results without the capability to express indeterminacy. The
Gaussian process regression (GPR) model can be used in
solving regression problems with large dimensions, a few
data, and nonlinearity [23]-[25]. Liu et al. [26] optimized
GPR model with combined kernel functions to prognose state
of health (SOH), which can realize the capacity regeneration
phenomenon prediction. Richardson et al. [27] examined the
ability of Gaussian processes for RUL prediction at different
periods based on capacity vs. cycle data. He er al. [28]
utilized wavelet analysis and multiscale GPR method to
decouple complex SOH decline curve and accomplish precise
SOH estimation. To reduce influence of local regeneration
phenomenon, Yu [29] developed a novel approach combining
multiscale logic regression model and GPR model, in which
the local regenerations and fluctuations of capacity can be
forecasted by using the GPR model with the lag vector.
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Predicting battery RUL directly with capacity or impen-
dence suffers from accumulated error and difficulty in mea-
surement online [30]. Besides, the capacity measurement
is influenced by the time-varying discharge rate and tem-
perature. How to evaluate and describe the current SOH
and RUL of battery is challenging. To address those prob-
lems, in addition to proposing a proper modeling algorithm,
another potential approach is that we can estimate SOH
and predict RUL by using the proper degradation features
extracted from the measurable parameters [31]. Therefore,
indirect approaches are applied gradually based on param-
eters which can be measured in real-time and online, includ-
ing current, voltage, temperature, etc. Many scholars have
built health indicator (HI) from discharge process such as
discharging voltage difference of equal time interval [30],
mean voltage falloff [32], sampling entropy of discharge
voltage [33], and permutation entropy [34], etc. However,
the methods based on the discharge process adopt the con-
stant current discharge mode, which is limited in practical
applications because of the varied working conditions and
external environment. Williard ef al. [35] measured four fea-
tures and compared their effectiveness to estimate the SOH.
The four features are capacity, resistance, length of the
constant current (CC) charge time, and length of the con-
stant voltage (CV) charge time. Compared with discharge
period, the charge process is a relatively static state and the
data is more stable, which is more convenient for analysis.
Therefore, in this paper, we will combine measurable degra-
dation features extracted from the CC and CV charge pro-
cess and GPR model to solve the capacity unmeasurable
problem and achieve reliable RUL prediction of lithium-ion
batteries.

The main contribution in this study is that we propose
a novel framework which combines indirect HI and multi-
ple GPR model to achieve RUL prediction of lithium-ion
batteries based on measurable degradation features. At first,
the three measurable features are extracted as HIs during
the CC and CV charge process. Then, with the ability of
uncertainty expression, the GPR model is optimized with
combined kernel functions to achieve more accurate and
reliable prediction after considering the capacity regeneration
phenomenon. The multidimensional GPR model can map
the relationship between the HIs and the capacity which is
established by using the HIs and capacity as the inputs and
output. The HIs prediction results can be attained online
through training the HIs vs. cycle datasets using single-input
and single-output GPR model. Finally, RUL prediction of
lithium-ion batteries can be realized by using HIs forecast
results and multidimensional GPR model.

The rest of this paper is structured as follows. Firstly,
Section 2 presents the datasets and the extraction pro-
cess of HIs. The GPR model is established in Section 3.
Then, the RUL prediction results is displayed and discussed
in Section 4. Finally, the last part of this paper draws
conclusions.
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TABLE 1. The detailed parameters of batteries aging test.

Cut off
tg rC current Discharge Vclltl; Ofif Threshold
Battery charge of CV current ottage of EOL
current discharge
(A) charge (A) V) (Ah)
(mA)
B5 1.500 20 2.00 2.7 1.40
B6 1.500 20 2.00 2.5 1.40
B18 1.500 20 2.00 2.5 1.40
B33 1.500 20 2.00 2.0 1.40
CX36 0.675 50 1.35 2.7 1.08
CX37 0.675 50 1.35 2.7 1.08

Il. CONSTRUCTION OF HEALTH INDICATOR

A. DATASETS OF LITHIUM-ION BATTERIES AGING TEST
Two different kinds of datasets of lithium-ion batteries aging
test are used in this paper. The first datasets of battery life-
cycle test are attained from the Ames Prognostics Center
of Excellence in National Aeronautics and Space Adminis-
tration (NASA) [1], [3]. The 18650 sized lithium-ion bat-
teries with rated capacity of 2 Ah were carried through
charge, discharge, and impedance experiments at room
temperature (24°C) in NASA. Firstly, the batteries were in
CC charge mode at 1.5 A until voltage reached 4.2 V. Then,
the batteries were in CV charge mode until current dropped
to 20 mA. Discharge process was carried out with constant
current until voltage fell to cut off value. The impedance was
measured between the charge and discharge process by using
electrochemical impedance spectroscopy. The sample time
interval varies from 2 seconds to 22 seconds during charge
and discharge process. The second datasets are collected
form the Center for Advanced Life Cycle Engineering in
the University of Maryland [36]. By using the Arbin Battery
Tester, the LiCpO» cathode based cells with rated capacity
of 1.35 Ah went through full charge and discharge test at
about 25°C, which is similar to NASA. The sample time
interval is 30 seconds. The end of life (EOL) criterion is
defined at 20% or 30% fade in rated capacity. The capacity
used in this paper is the full discharged electricity of the
filled battery under a certain discharge condition. In this
paper, four batteries are selected from datasets of NASA and
two batteries are selected from datasets of Maryland, whose
detailed test parameters are presented in Table 1.

Figure 1 presents the capacity attenuation curves and the
threshold of EOL of the six selected batteries. With the side
reaction going on between the electrode and the electrolyte,
the lithium-ion is constantly consumed and the capacity
presents a degradation trend. However, in the gap between
battery charge and discharge process, the side reaction prod-
uct is likely to dissipate. Therefore, the performance of bat-
tery in the next cycle will become better and the capacity
will increase compared with the previous cycle. This phe-
nomenon is known as capacity regeneration which results
in a capacity declining tendency with the local dynamic
fluctuation [37], [38].
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FIGURE 1. The capacity attenuation curves of batteries. (a) BS, B6, B18,
and B33; (b) CX36 and CX37.

B. EXTRACTION OF HEALTH INDICATOR

As mentioned in Section 1, the CC and CV charge process
are relatively stable and convenient for analysis. Therefore,
the health indicator can be extracted from this process. In the
operation process, the battery undergoes internal side reac-
tions with lithium consumption and byproducts production.
These reactions are accelerated by different usage modes
and environmental conditions. Eventually, the charge storage
capability of battery is lower than its required performance
level and the battery can no longer achieve its intended
functions. Although the capacity may be the direct indicator
of battery performance, some features can also be extracted
from the current, voltage, and temperature parameters to act
as the HIs of battery performance.

As illustrated in Figure 2, the voltage and current vari-
ation curves of BS during the CC and CV charge process
are obtained at different cycles. As the cyclic charge and
discharge process going on, the consuming electrolyte and the
decreasing electrode will cause the impedance increasement
and the capacity decline. Therefore, the battery will quickly
reach the cut off voltage and the time of CC charge process
will be reduced. With the cycle number increasing, the time of
CV charge process will increase and the slope of the current
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FIGURE 2. The voltage and current variation curves of B5 during CC and
CV charge process at different cycles.

variation curves will decrease. There is a certain relation-
ship between CC and CV charge period and the capacity
of a battery. In practical applications, the battery will stop
to use and start to charge before reaching discharge cut off
voltage. Actually, the lithium-ion batteries are seldom fully
discharged from the fully charged state. Three features are
selected as HIs during the CC and CV charge process to
characterize the variation of battery’s health state and perfor-
mance. HI1 is the charge time interval of voltage varying from
3.9 V to 4.2 V; the charge voltage varying from 3.9 V to the
voltage after 500 seconds is used as HI2; HI3 is the CV charge
current drop between 1.5 A (the CC charge current) and the
current after 1000 s. Due to the difference in two datasets, it
is worth noting that the HI2 and HI3 in Maryland is different
from that in NASA. The HI2 is the charge voltage varying
from 3.9 V to the voltage after 600 seconds and the HI3 is the
CV charge current drop between the CC charge current and
the current after 900 seconds in Maryland. The normalized
HIs variation of six lithium-ion batteries are demonstrated
in Figures 3-4.

The relationships between capacity and three normalized
HIs are quantitatively analyzed by the Pearson and Spearman
rank correlation coefficients, as shown in (1)-(2).

E(ap) — E@E(p)
VE(@?) — EXe)E(?) — EX()
X (i —a) (Bi— B)

\/Zi (o — 5)2\/21' (,31 - 3)2

where « and B represents the capacity and the HI,
respectively.

The absolute value of correlation coefficient is close to 1,
which presents a good linear correlation. The correlation
coefficient is equal to 0, which means no linear correlation.
Seen from Table 2, most correlation coefficients are upper
than 0.9 except for some values of HI3. Both the absolute

Pearson

Spearman

@
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FIGURE 3. The normalized His of NASA batteries. (a) HI1; (b) HI2; (c) HI3.

TABLE 2. The correlation coefficient results.

Pearson Spearman
Batery HI2 HI3 HI1 HI2 HI3
B5 09931  -0.9708 09455 09909  -0.9753  0.9920
B6 09861  -0.8131 09374 09929  -0.9164  0.9489
BI8 09822  -0.9282 07233 09826  -0.9438  0.7594
B33 09804  -0.9438 08216 09570  -09103  0.7164
CX36 09358  -09713 08509 09455  -0.9782  0.8544
CX37 09615  -09848 08660 09743  -0.9882  0.8669

values of Pearson and Spearman correlation coefficients are
close to 1, which shows that there is a good correlation
between the capacity and three HIs. Therefore, the HIs can
be used to represent the capacity to predict the battery RUL.

IIl. OPTIMIZED GAUSSIAN PROCESS REGRESSION
MODEL

A. GAUSSIAN PROCESS REGRESSION MODEL

Gaussian process regression model can achieve state pre-
diction through prior knowledge in Bayesian framework
and output prediction mean, variance, and confidence inter-
val with the ability of uncertainty expression [24]-[26].
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FIGURE 4. The normalized His of CX36 and CX37. (a) HI1; (b) HI2; (c) HI3.

The GPR model has been widely used in stock forecasting,
fluid level of oil well prediction, time series analysis and
prediction, etc.

Consider the following regression function,

y=f(x)+e, & ~N(©,0?) 3)

where x is the input vectors, n is the total number of input

vectors, f(x) is the function value, y is the measured value,

¢ is the white noise whose mean is 0 and variance is o,2.
Then, the prior distribution can be obtained,

Y ~ N0, KX, X) 4 ¢7T) 4)

The joint prior distribution of measured and predicted val-

ues is
Y] KX, X)+01 KX, X,)
[f*] N(O’[ K(X,.X) K(X*,X*>]) ©)

where X = [x1,x2,---,xy] is the training set; X, is
testing data; Y = [y1,Y2, -+ ,yn] 1S measured value
set; £, = [f(xe1),f(x42), - .., f(xn)] is predictive value
set; K(X,X) = (Kj) is the symmetric positive definite
covariance matrix of n dimensions, matrix elements Kj; =
k(x;, x;) is used to describe correlation between x; and x;;
KX, X,) = KX.X) is the covariance matrix
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between X and X, K(X,,X,) is covariance matrix
about X,; I 'is the identity matrix of n dimensions.
The posteriori distribution of the predicted value f, is

£, (X, Y, X, ~ N, cov(f,)) (6)

It is the GPR model of the set of predicted value f,.
Its mean matrix is

f. = E[f, X, Y, X,]
= KX, X)[K(X, X) + o117 Y @)

Its covariance matrix is

cov(ty)
= K(Xs. Xs) — KXs., X)[K(X, X) + 02117 'K(X, X,.)
®

The 95% confidence interval of the model prediction
results is

fx — 1.96y/cov(t,), fx + 1.96 x v/cov(f,)] )

After determining the mean matrix and covariance
matrix, the GPR model can be obtained by optimizing the
hyper-parameters during the training process. The
GPR model generally adopts the zero mean function and
the square exponential covariance function which are show
in (10)-(11),

mx) =0 (10)

k(xi, x)) = of, exp(—zl?m - x)%) (an
1
where of21 is the signal variance, /i is the length-scale,
0, =1, Ule] are the hyper-parameters.

The hyper-parameter optimization is generally achieved
by using the maximum likelihood method. At first, the neg-
ative log-likelihood function of the training data under the
conditional probability is obtained, as shown in (12); then,
the partial derivative of (12) is shown in (13); finally, the par-
tial derivative minimization is achieved through the conju-
gate gradient method and the optimum hyper-parameters can
be obtained. Gaussian process regression algorithm involves
inversion operation. In order to speed up the calculation pro-
cess, the improved square root method (Cholesky decomposi-
tion method) is used to calculate [K(X, X)—i—o,%I]’1 =LDL”
to decompose covariance matrix. By introducing the diagonal
matrix instead of the square root operation, the problem of
calculation instability can also be avoided.

L) = %YT[K(X, X)+o217'Y

1
+ log |[K(X. X)+0;1 +glog2n (12)
aL@O) 1 _
8_0i = Etr((wa — [K(X, X)+O'nzl] 1)
AKX, X)+021]
B A 13
20, ) (13)

where @ = [K(X, X) + ¢’1]7'Y.
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FIGURE 5. The procedure of battery RUL prediction.

B. COMBINED KERNEL FUNCTIONS

Affected by capacity regeneration phenomenon, the capac-
ity degradation of batteries in two datasets shows declin-
ing tendency with the local dynamic fluctuation. In order
to achieve more accurate capacity prediction, two different
capacity variation of lithium-ion batteries should be consid-
ered. Therefore, the GPR model only with a single covariance
function is incapable of meeting the prediction requirement.
The covariance functions can be added to construct the
complex covariance function to describe the complex
problem [24], [26]. The linear function is selected as the mean
function, as shown in (14). The linear mean function is used
to improve the ability of multi-steps ahead prediction when
the test data is distant from the training data. The local vari-
ation of regeneration phenomenon is approximately consid-
ered as periodic change in the degradation trend. Therefore,
the square exponential covariance function can be used to
describe the capacity degradation and the periodic covariance
function can be used to reduce the impact of regeneration
phenomenon. The square exponential covariance function
and periodic covariance function are added as the combina-
tion of covariance function with local learning ability and
generalization ability, as shown in (15), where p is a periodic
parameter.

The hyper-parameters are 6, = [a, b, [1, crfz] , D, crfzz, pl.

m(x) = ax +b (14)

1
k(xi, xj) = aff exp(—— (x; — )%
21
2 ., 27
+crf22 exp(—l—2 sz(7(xi —x)) (15)
2
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C. RUL PREDICTION FRAMEWORK

After measurable HIs series data of previous k cycles is
obtained, three one-dimensional GPR models, three HI-GPR
models, can be established by training the cycle number and
the HI as input and output, respectively. Based on the HIs
prediction results of three HI-GPR models, the corresponding
prediction results of capacity can be obtained by capacity
prediction model which is also called C-GPR model. The
C-GPR model, a multi-inputs and single-output GPR model,
is trained offline by setting three normalized HIs and the
capacity as inputs and output, respectively. Every time to next
cycle, three HI-GPR models can be updated by adding the
new acquired data into training process. The procedure of
battery RUL prediction based on multiple GPR model and
indirect HIs is presented as Figure 5.

IV. RESULTS AND DISCUSSION

A. THE EVALUATION CRITERIA

To analyze the prediction accuracy of the proposed method,
the absolute error (AE), relative error (RE), mean absolute
error (MAE), mean absolute percent error (MAPE) and root
mean square error (RMSE) are used in this paper, which are
explained in (16)-(20).

AE = |¢; — ¢; (16)
bi — i
RE = — x 100% (17)
1 <& .
MAE = ~ Z b — bi (18)

=
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TABLE 3. The RMSE results of cross-validation.

Battery B5 B6 B18 B33 CX36 CX37

RMSE 0.0153 0.0290  0.0289 0.0207 0.0891 0.0558

1 [ i — ¢
MAPE = -y |2 & 19
n; - (19)
> (@i — 62
RMSE = ’ZIT (20)

where ¢ is the actual or true value and ¢ is the predicted or
tested value.

B. TEN-FOLD CROSS-VALIDATION

In the establishment process of C-GPR model, the ten-fold
cross-validation is used to evaluate the RMSE of the regres-
sion model. Taking the B5 battery as an example, the train-
ing data, three HIs vs. capacity series, are divided into ten
subsets or folds. In each cross-validation trial, one subset is
served as the test sample while the other nine folds are used
as a training set. The cross-validation process is executed ten
times until each of the ten folds is taken as the test set exactly
once. Therefore, all the data points in the raw dataset are used
in both training and testing process. When finishing the ten-
fold cross-validation, the RMSE of cross-validation is calcu-
lated as the root square of the average error of all ten cross
validation tests. The RMSE results are illustrated in Table 3.
The RMSE values of six batteries in cross-validation process
are lower than 0.1, which shows that the GPR model is well
established.

C. RUL PREDICTION AT SINGLE POINT

The BS5 battery is selected as the example to show the
three HIs and capacity prediction results at single point.
At kth cycle, three HIs prediction can be achieved by each
HI-GPR model which is trained by measurable data. Based
on the C-GPR model and three HIs prediction results, the cor-
responding capacity prediction is also accomplished. Then,
compared with the threshold of EOL, we can get the RUL
prediction result at kth cycle. At cycle 100, three Hls and
capacity prognosis results are illustrated in Figure 6. As is
shown in Fig. 6, we can see that the closer data point is to
cycle 100, more accurate the prediction result is. With the
cycle number increasement, the prediction results will
increasingly deviate from the actual values. In addition to
predicting the mean value, the GPR model is also able to
provide the confidence interval, which can provide more
reliable information for battery RUL forecast and equipment
maintenance.

The zero mean function and the square exponential covari-
ance function are taken as the kernel functions of basic GPR
model. Compared with basic GPR model, the prediction
curves of the combined GPR model using the combined
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FIGURE 6. The prediction results of B5 at cycle 100. (a) HI1; (b) HI2;
(c) HI3; (d) capacity.

kernel functions present degradation trend with local dynamic
fluctuations. Using the same length of training data, the
combined GPR model works batter in tracking the variation
curve of actual value than the basic GPR model. The pre-
diction error results of GPR model with two different ker-
nel functions are presented in Table 4. Seen from Table 4,
the RMSE and the MAPE of the combined GPR model
are smaller, which suggests that this regression model can
achieve more accurate and reliable forecast than the basic
GPR model.

To evaluate the RUL prediction accuracy of the proposed
method at single point, we compare it with the quadratic
function, optimized relevance vector machine (RVM) [32],
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FIGURE 7. The RUL prediction results at different cycles. (a) B5; (b) B6; (c) B18; (d) B33; (e) CX36; (f) CX37.

TABLE 4. The prediction errors of B5 at cycle 100 with different GPR
models.

Evaluation criterion HI1 HI2 HI3 Capacity
RMSE of the proposed GPR  0.0165  0.0410  0.0166 0.0119
MARPE of the proposed GPR  0.0194  0.0402  0.0164 0.0060

RMSE of the basic GPR 0.0457  0.1871  0.0691 0.2289
MAPE of the basic GPR 0.0587  0.1826  0.0679 0.1141

and monotonic echo state network (MONSEN) [39]. The B5,
B6, and B18 batteries are used to compare the RUL prediction
results at two different staring points in Table 5. It is worth
noting that the predicted results of MONSEN method are in
the 90% confidence interval and the predicted results of the
other two approaches are in the 95% confidence interval. The
minimum and maximum AEs of RUL prediction with the
proposed approach are 1 and 6 cycles, respectively. Except
for the results at a few starting points, the AEs with the other
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methods are bigger than that with the proposed method. For
BS5 battery, the average RE of the proposed method is 8.9%
and the average RE of the optimized RVM is 10.8%. At four
different points, the average RE of the proposed method is
16.3% and the average RE of the optimized RVM is 22.2%,
which indicates that the presented approach can achieve more
accurate RUL prediction. Besides, the HI extracted from
CC and CV charge process is more convenient and feasible
than the HI extracted from CC discharge process and the
capacity.

D. RUL PREDICTION AT DIFFERENT CYCLES

Based on the battery RUL prediction at the single point,
we can achieve the long-term RUL prediction at different
cycles. Figure 7 illustrates the RUL prediction results vs.
cycle number of six batteries. For the B5, B6, B18, and
B33 batteries, the 40 data points before EOL are selected as
the analysis data. For the CX36 and CX37 batteries, the RUL
prediction starts form cycle 500 to EOL. It can be found
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TABLE 5. The comparison of RUL prediction results with different methods.

Battery Starting point Actual RUL Method Predicted RUL Predict_ed confidence AE RE
(cycle) (cycle) (cycle) interval (cycle) (%)
B5 80 44 The proposed method 50 [24,70] 6 13.6
Optimized RVM 48 (38.82] 4 9.1
Quadratic function 23 / 21 47.7
100 24 The proposed method 23 [11.35] 1 4.2
Optimized RVM 27 [18,24] 3 12.5
Quadratic function 12 / 12 50.0
B6 60 48 The proposed method 45 [30,71] 3 6.3
MONSEN 52 [26,77] 4 8.3
80 28 The proposed method 31 [15,54] 3 10.7
MONSEN 22 [11,32] 6 214
B18 60 36 The proposed method 42 [22,59] 6 16.7
MONSEN 55 [30.77] 19 528
80 16 The proposed method 21 [10,33] 5 31.3
MONSEN 17 9,24] 1 6.3
TABLE 6. The RUL prediction errors at different cycles. satisfactory performances. And the two different kinds of
batteries can also validate the adaptability and online appli-
E;ﬂ?ﬁﬁﬁ“ 85 B6 BIS B33 ox36 ox37 cation potential of the proposed approach based on the]
measurable HIs.
RMSE 32122 58100 69335 7.1908 127870  13.9798
MAE 25333 4.9268 58293 48780 104712  12.0929

from Fig. 7 that the predicted RUL results fluctuate around
the real RUL values. Except for some predictive values with
large deviation, most of the prognostic results are near to
the real trajectory. With the training data increasement, the
deviation between the predicted RUL and the true RUL
becomes smaller. The RMSE and the MAE are used to evalu-
ate the RUL forecasting results at different cycles in Table 6.
For the B5, B6, B18, and B33 batteries, the RMSE is lower
than 10 cycles and the MAE is no more than 6 cycles. For
the CX36 and CX37 batteries, both the RMSE and MAE
are below 15cycles. The prediction errors in Table 6 show
that the presented approach can provide satisfactory RUL
prediction performance for lithium-ion batteries at different
cycles. In reference [29], for BS battery, the MAE of RUL pre-
diction results is 11.0 cycles at cycle 80, 90 100, and 110. For
B6 battery, the MAE of RUL prediction results is 13.5 cycles
atcycle 70, 80, 90, and 100. For B18 battery, the MAE of RUL
prediction results is 6.0 cycles at cycle 60, 70, 80, and 90.
At the same four cycles, the MAE of BS, B6 and B18 by using
the proposed method are 3.8, 4.0 and 6.5 cycles, respectively,
which indicates that the RUL prediction in this paper is more
precise.

Through the results discussion and analysis, both the
RUL prediction at single point and different cycles show
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V. CONCLUSIONS

In this paper, a novel RUL prediction framework of lithium-
ion battery using indirect HIs and multiple GPR model is
presented to achieve the RUL prediction at single point and
different cycles. On the one hand, three HIs extracted from
CC and CV charge process are convenient and reliable for
analysis. The correlation analysis shows that the HIs can be
able to characterize the battery health state. On the other hand,
the GPR model is optimized by combined kernel functions
and multidimensional inputs. The prediction results at single
point illustrate that the optimized GPR model has better
ability to track the real value change curve. For the long-
term RUL prediction, the RMSE and the MAE of batteries
in NANA are lower than 10 cycles and 6 cycles, respec-
tively. The results show that the approach proposed in this
paper is accurate and effective in RUL prediction. In the
future, we will focus on optimizing the health indicators to
improve the adaptability to different conditions and practical
application. What’s more, the further work is to optimize the
GPR model for making the prediction of battery RUL more
accurate and efficient.
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