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Accurate state of health (SOH) estimation in lithium-ion batteries, which plays a significant role not only in state of
charge (SOC) estimation but also in remaining useful life (RUL) prognostics is studied. SOC estimation and RUL prog-
nostics often require one-step-ahead and long-term SOH prediction, respectively. A systematic multiscale Gaussian pro-
cess regression (GPR) modeling method is proposed to tackle accurate SOH estimation problems. Wavelet analysis
method is utilized to decouple global degradation, local regeneration and fluctuations in SOH time series. GPR with the
inclusion of time index is utilized to fit the extracted global degradation trend, and GPR with the input of lag vector is
designed to recursively predict local regeneration and fluctuations. The proposed method is validated through experi-
mental data from lithium-ion batteries degradation test. Both one-step-ahead and multi-step-ahead SOH prediction per-
formances are thoroughly evaluated. The satisfactory results illustrate that the proposed method outperform GPR
models without trend extraction. It is thus indicated that the proposed multiscale GPR modeling method can not only be
greatly helpful to both RUL prognostics and SOC estimation for lithium-ion batteries, but also provide a general prom-
ising approach to tackle complex time series prediction in health management systems. © 2015 American Institute of
Chemical Engineers AIChE J, 61: 1589-1600, 2015
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lithium-ion batteries.*® However, first-principle models
often need high computing complexity and have not been
ready for meeting the real-time prognostics requirement of
SOH. Moreover, the values of parameters in first-principle
models may differ from one battery to another, or from one
cycle to the next for the same battery,” which further com-
plicates the first-principle model-based SOH estimation and
calls for accurate and rapid online parameter estimation
techniques.

Recently, both electrochemical models and data-driven
models-based SOH prognostics techniques have been devel-
oped. Extended kalman filter (EKF) has been applied to state
estimation of equivalent circuit model for SOH prediction of
batteries.®* However, EKF would accumulate significant pre-

Introduction

Lithium-ion batteries, as lightweight and high energy den-
sity power sources, are commonly used in portable electronic
devices, electric and hybrid vehicles, etc. It has been widely
recognized that accurate estimation of state of charge (SOC)
and state of health (SOH) play significant roles in reliable
and safe usage of lithium-ion batteries.! However, traditional
battery management system has mostly focused on address-
ing the SOC issue with limited attention to SOH.** In gen-
eral, the loss of capacity in lithium-ion batteries results from
a complex combination of two or more of the following fac-
tors: loss of active material, decomposition of electrolyte,
formation of films on the anode and/or the cathode, degrada-
tion and increased impedance of the electrodes, dissolution

of the current collector, and so forth.* Various electrochemi-
cal models have been developed to understand the complex
mechanism of the degradation processes occurring in the
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diction errors for long-term prediction and lacks uncertainty
management in SOH prognostics. Sequential Monte Carlo
methods, also referred to as particle filtering (PF) methods,
have attracted significant attentions to SOH and remaining
useful life (RUL) predictions.>*'%"'* PF is capable of com-
bining information available from system measurements and
analytic/empirical models and is proved to be useful for
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representing uncertainty in the prognostics of degradation
processes by providing a probability density function for
SOH and RUL of batteries.>® The most data-driven techni-
ques such as neural networks,'® fuzzy logic,'® regressions,'’
distributed active leaming,18 and relevance vector machine'’
lack specific strategies in dealing with model uncertainties
and would lead to prognostics performance deterioration in
case facing long-term changes in environmental and operat-
ing conditions. Gaussian process regression (GPR)* could
provide a confidence measure of output and has been used to
SOH and RUL predictions.'"?! Note that data-driven techni-
ques avoid developing complex physical models and often
have lower computational cost for meeting the real-time
prognostics requirements. However, data-driven techniques
often need sufficient training data for properly learning the
nonlinear dynamics of processes.

It has been recognized that the existence of regeneration
phenomena®'*?' in lithium-ion batteries has significant
effect on the accuracy and precision of SOH prognostics. A
particle-filtering-based prognostics framework has been
developed by detecting and isolating the effect of regenera-
tion phenomena within the life-cycle model.’ An improved
GPR method, namely combination Gaussian process func-
tional regression, has been proposed to capture regeneration
phenomena.21 Because the rate of capacity fade is highly
dependent on operating conditions such as ambient tempera-
ture, charge/discharge current rate, and aging periods, a his-
torical time series of SOH contains abundant process
operational information of lithium-ion batteries. Additionally,
inherent differences in manufacturing assemblies and mate-
rial properties would lead to the variations in the degradation
process of batteries. Hence, the parameters in electrochemi-
cal model-based prognostics method are suffering from
uncertainties and need to be online reconciliation, which
would consequently increase the difficulty of accurate SOH
estimation. Data-driven techniques, which directly utilize
historical SOH time series to construct prediction models,
would provide an alternative solution of SOH estimation
with low computational cost. However, recent studies
directly use raw SOH time series to establish the prediction
model, and consequently it would fail to extract correct
global degradation trend from raw SOH time series buried
with complex local regeneration and fluctuations. Moreover,
as traditional analyses of time series typically require that
the data under study to be stationary, long-term prediction of
raw SOH time series with nonlinear, nonstationary, and mul-
tiscale characteristics is still a challenging task.

Note that a SOH time series is reasonable to be considered
as a hybrid signal with multiscale components, where global
degradation, local regeneration, and fluctuations are supposed
to be of different scales. It is, therefore, important to decou-
ple those correlative components from original SOH time
series for extracting the most useful information. Otherwise,
prediction model, directly established based on the raw SOH
time series, not only probably has little physical sense, but
also probably has poor generalization performance. As the
actual usable capacity of lithium-ion batteries should be
accurately predicted at the beginning of each charge/dis-
charge cycle and plays an important effect on SOC estima-
tion, it requires performing rapid and accurate one-step-ahead
SOH prediction. While for the RUL prognostics, long-term
SOH prediction should be performed. We realize that correct
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extraction and modeling of global degradation trend is the
most important task for long-term SOH estimation while
local regeneration and fluctuations should be accurately cap-
tured in one-step-ahead SOH prediction. Moreover, it is rec-
ognized that recent studies lack a systematic performance
evaluation of SOH estimation method for both one-step-
ahead and long-term prediction in a unified framework.
Hence, this study focuses on proposing a unified multiscale
GPR modeling approach to satisty the accuracy and compu-
tational speed requirements for both one-step-ahead capacity
prediction in SOC estimation and long-term SOH prediction
in RUL prognostics. We first utilize wavelet decomposition
method? to decouple global degradation trend, local regener-
ation trend, and fluctuations in SOH time series. Then GPR
model with time index is adopted to fit the global degrada-
tion trend, and GPR models with lag vector are used to pre-
dict local regeneration and fluctuations at different scales.
Finally, these GPR models at different scales are integrated
to achieve SOH prediction.

The reminder of this article is structured as follows. The
problem of multi-step-ahead SOH prediction is first stated.
Then, we propose a systematic wavelet analysis-based multi-
scale GPR modeling method. The proposed model is then
applied to SOH estimation of lithium-ion batteries. Finally,
conclusions are provided.

Methodology

Problem statement of multi-step-ahead prediction of
SOH

Given a historical time series of SOH represented by
S1r={s(1),s(2),---,s(T)}, the prognostics problem for
SOH is to estimate with M-step ahead

Storrem={8(T+1),8(T+2),---,§(T+M)} M
An optimal predictor for §(7+/) is given by

S7+;=E[s(T+))|s(T),s(T—1),---,s(1)] 2)

where E[] denotes the expectation.

Note that one-step-ahead SOH prediction is a special case
of multi-step-ahead prediction with M = 1. In contrast to
one-step-ahead  prediction, multi-step-ahead  prediction
(M > 1) often suffers accumulation of errors and increasing
uncertainties, which makes long-term time series prediction
inherently more difficult. Traditional strategies for long-term
time series prediction can be broadly divided into two
classes: direct method and recursive method. The direct
method for multi-step-ahead prediction involves establishing
a set of M prediction models and often requires a higher
computational cost. For the recursive method, one-step-ahead
prediction is repeated up to the desired step, where the future
series value estimated from one-step-ahead prediction model
is recursively fed back as an input to the following predic-
tion. Although the recursive method shows lower computa-
tional cost, it usually suffers propagation of prediction
uncertainty, which will gradually accumulate prediction
errors as the prediction step progresses. Recently, novel strat-
egies, such as combination method of direct and recursive
(DirRec), multi-input multi-output (MIMO) strategy, and
combination method of direct and MIMO (DIRMO), have
been developed to perform long-term prediction. However,
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there is no definite indication of superiority of one strategy
over the others.?**

It has been widely recognized that prediction of nonlinear
and nonstationary time series with increase/decrease trend
often requires an important preprocessing step of detrend-
ing.?® In this study, it is realized that the trend in SOH time
series itself is important and needs to be modeled for esti-
mating the capacity degradation. However, extracting the
real trend from SOH time series is often a challenging task.
As the trend is corrupted by fluctuations, direct modeling of
raw SOH time series may determine an incorrect trend and
consequently deteriorate the prediction performance. It is,
therefore, necessary to decouple the trend and fluctuations
before constructing the prediction model. Besides lack of
trend extraction for SOH estimation, recent studies often
adopt a specified function forms'>'*!? such as the sum of
two exponential functions to model the capacity degradation
data, which might be lack of flexibility for various lithium-
ion batteries with different capacity degradation mechanisms
and fail to correctly fit the capacity degradation data when
local optimization method is adopted. Hence, in this study,
after decoupling of raw SOH time series based on wavelet
analysis method, GPR, as a universal function approximator,
is applied to quantitate modeling of global degradation trend
and fluctuations at different scales.

Wavelet analysis method

Wavelet analysis is a powerful time-frequency tool for
analysis of nonstationary and transitory signals and has been
widely applied in various fields,”” such as signal processing,
image processing, data compression, and financial time
series. In wavelet analysis, at high frequencies (correspond-
ing to small scales), narrow windows are used to get precise
time resolution, whereas at low frequencies (corresponding
to large scales), wide windows are used to get finer fre-
quency resolution. Wavelet analysis is, therefore, often
regarded as a mathematical “microscope” that is able to
examine different parts of the signal by automatically adjust-
ing the focus. In this study, it is assumed that the global deg-
radation trend in SOH time series is of low frequency and
the local regeneration trend and fluctuations are of high
frequency.

Wavelet analysis utilizes the wavelet function ¢(r) and
scaling function ¢(7) to perform the multirelsolution analysis
(MRA) decomposition and reconstruction of the signal. The
wavelet function serving as a high-pass filter can generate
the detailed version of the given signal, while the scaling
function serving as a low-pass filter can generate the
approximated version of the given signal. The recursive
mathematical representation of MRA can be defined as
follows

Vi =W;@Vi=W;®Wj1, & --- BWup®Vjse  3)

where V; and W; are the approximated and detailed versions
of the given signal on level j, respectively, & denotes a
orthogonal summation of two decomposed signals, and E is
the number of decomposition levels.

The discrete wavelet transform (DWT) is an MRA tech-
nique, where the original signal can be decomposed into sev-
eral signals with different scales and can reconstruct the
signals using inverse DWT. In DWT, a discrete time series
can be expanded as a sum of sets of base functions ¢, (r)
and ¢;,(t) produced by dilations and translations of the
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orthogonal wavelet function ¢(f) and scaling function qS(Q.
The details of DWT can be referred to Misiti’s et al. book.”?
Note that the type of wavelet function and the number of
decomposition level will affect the performance of prediction
model. The principle for determine the decomposition level
in this study is to ensure that the extracted approximated sig-
nal is monotonic. In this study, Daubechies fourth-order
wavelet is utilized and the decomposition level of is set
equal to 5. In addition, the decomposed approximated signal
of original SOH time series is treated as global degradation
trend and the detailed signals at different scales correspond
to local regeneration trend and fluctuations in SOH time
series.

GPR model

Gaussian process model is a flexible nonparametric model
in the Bayesian framework, which could provide not only
the mean value but also the variance of the conditionally
expected value of the output. GPR models have been widely
applied to multi-step-ahead predictions in time series analy-
sis.>** The Gaussian process is defined as a collection of a
finite number of random variables with joint multivariable
Gaussian distribution

1), f(x2), - f(xn) ~ N (m(X),X) 4)

where X=[x;,x5,---,xy], m(X) is the mean function, X is
the covariance matrix, and f(-) is a function that generates
data points. Note that selection of the proper forms of mean
and covariance functions could take a positive effect on the
prediction performance. The SOH time series shows a non-
stationary characteristics, a linear mean function is utilized
to capture the decrease trend, which is represented by a lin-
ear combination of the input shown as

m(X)=X0), )

where X=[X:ie] is an augment input matrix and 0=
[0r0, Oy - -+ HhH}T is unknown hyperparameters in mean
function.

The covariance X,,=Cov(f(x,).f(x,))=k(x,,x,) gives
the covariance between the points f(x,) and f(x,) and is a
function of the inputs x, and x,. Two common types of
covariance functions, that is, squared exponential and peri-
odic covariance functions, are shown as

ks (%, %4) =0ggexp [— |1, —x,[|*/265] ©)
. w
ke (5, x,) =opexp [ ~2sin? (2 [, —x,1) /3]

where aéE and 012, are the variances, /sg and /p are the charac-
teristic length-scales, w is the angular frequency, and || - ||
denotes the Euclidean norm. The overall variance of the ran-
dom function can be controlled by the above hyperparameters.
Proper selection of covariance function is problem-specific,
and combination of different covariance function is often
utilized. In this study, it is found that a squared exponential or
periodic covariance function with a linear mean function is
sufficient to fit the degradation trend after removing the local
regeneration and fluctuations.

For performing SOH regression, we assume the availabil-
ity of a set of N training points {(x;,y;)|[i=1,---,N} and the
tragets y is described as
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Figure 1. Schematic of wavelet analysis-based GPR modeling method.

y=f(x)+e ®)

where ¢ is the additive noise following an independent, iden-
tically distributed Gaussian distribution with zero mean and
variance a2, namely ¢ ~ N(0,2).

The accuracy of SOH prediction depends on the unknown
hyperparameters in both mean and covariance functions @=
[0,6,¢,w]" and, therefore, these hyperparameters needs to be
optimized. The training of GPR model is carried out by min-
imizing the negative marginal log-likelihood function
given by

1 _
J=~log p(y|X,®)=-log [K|+ > (y=m(X))"K "'

N —

N )
(y—m(X))+ Elog 2n

where K=X+02] is the covariance matrix for the noisy tar-
gets y and I is the identity matrix of same dimensions as K.
%log |K| is the complexity penalty depending on the covari-
ance function and the inputs. Note that the model complexity
decreases with the increasing of length-scale. A conjugate
gradient method is utilized to optimize the hyperparameters
in this study.

For a new test input x=, the prior distribution for GPR is

described as follows
y K k(x.,X)

~ N (10)
i K'(x.,X)  k(x.,x.)

where k(x,,X)=[k(x.,x), k(x.,x2), -, k(x., x5)]".
The posterior distribution for the above test input is

m(X)

m(x,)
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where y. and og* are the predictive mean and variance,
respectively, and are calculated by
Vo=m(x)+k' (x . X)K' (y—m(X))
2 _ _ 2T -1 2
o5 =k(x.,x.) =k (x,, X)K™ k(x.,X)+o0,

12)
13)

In this study, for fitting the global degradation trend, the
input x is set as time index and a linear mean function is
adopted; while for modeling the local regeneration and fluc-
tuations at different scales, the input x is set as lag vector
and a constant mean function is adopted.

Wavelet analysis-based GPR modeling method

As shown in Figure 1, the modeling steps of wavelet
analysis-based GPR modeling method is briefly described as
follows:

1. Apply DWT to decompose the original SOH time
series into E detailed signals at different scales and one
approximated signal, where E is the number of decomposi-
tion levels.

2. Independently construct SOH prediction models for
approximated and detailed signals by GPR method. For the
approximated signal, the input of GPR model is time index,
and a linear mean function and squared exponential covari-
ance function are used; while for the detailed signals, the
input of GPR model is lag vector, a constant mean function
is used, and both squared exponential and periodic covari-
ance functions are compared.
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3. Obtain the final prediction results by aggregating the
prediction results of all GPR models, and calculate the per-
formance criteria, namely the mean absolute percentage error
(MAPE) and root mean square error (RMSE).

MAPE and RMSE are defined as Eqs. 14 and 15,
respectively
100 ¢~ yi— 5.
MAPE(%)=WZ Al (14)
=1 i
N A N2
Wiy
RMSE= M (15)

N

The time complexity for training one GPR model is O(N?)
by Eq. 9 as it involves inversion of the matrix, where N is
the number of training samples. For training the multiscale
GPR model, the time complexity becomes O(E-N°). As the
decomposition level E is significantly less than N, the time
complexity of multiscale GPR model construction is ON?).
The time complexity involved in mean and variance predic-
tion given by Egs. 12 and 13 are O(N) and O(N?), respec-
tively, assuming that the inverse matrix has been stored from
the training phase. For the recursive strategy-based long-
term prediction, the inverse matrix does not change during
recursive one-step-ahead prediction and the time complexity
involved in prediction is O(N?)

Both the decomposition level E and the length of lag
vector would take effect on the prediction performance. In
this study, the decomposition level and the length of lag
vector are simply set equal to 5 and 1, respectively. In
addition, optimal selection of initial values of hyperpara-
meters in GPR models, which would also affect the predic-
tion performance, is out of our scope, and we will simply
set the initial values of hyperparameters as: for the global
degradation trend GPR model, constant term of 1 and slope
term of 0.5 in linear mean function, characteristic length-
scale of 1 and variance of 1 in squared exponential covari-
ance function; for GPR model of detailed signals, constant
term of 1 in constant mean function, characteristic length-
scale of 1, and variance of 1 in squared exponential covari-
ance function, and characteristic length-scale of 1, variance
of 1 and angular frequency of 1 in periodic covariance
function.

Conversely, it has been found that adoption of combina-
tion of covariance functions could be greatly helpful for
improving the prediction performance, because covariance
functions with different scales can fit to different pattern
exhibited in the data. GPR model with spectral mixture ker-
nels®® has been used to performance comparison in this
study. For clarification, the proposed multiscale GPR meth-
ods with squared exponential and periodic covariance func-
tions are called SE-MGPR and P-MGPR, respectively, and
the GPR method with spectral mixture kernels is called
SMK-GPR. For the SMK-GPR model, time index is used as
the input and a linear mean function is adopted. The number
of kernels is selected to be 3, the initial weights for each
kernel are set equal to 1/3, and the initial values of other
hyperparameters are simply set equal to 1. A MATLAB tool-
box of GPML version 3.5 (http://www.gaussianprocess.org/
gpml/code/matlab/doc/) is adopted to construct the GPR
model and all computations are carried out on a PC with
2.60 GHz processor and 8 GB of RAM.

AIChE Journal May 2015 Vol. 61, No. 5

Published on behalf of the AIChE

Results and Discussion
Raw data description of lithium-ion batteries

The aging data of lithium-ion batteries obtained from the
data repository of the NASA Ames Prognostics Center of
Excellence (PCoE) is used to illustrate the effectiveness of
multiscale GPR method.>' A set of commercial 18,650
lithium-ion batteries were run through three different opera-
tional profiles, namely charge, discharge, and impedance, at
room temperature. Charging was carried out in a constant
current mode at 1.5 A until the battery voltage reached 4.2
V and then continued in a constant voltage mode until the
charge current dropped to 20 mA. Discharge was carried out
at a constant current level of 2 A until the battery voltage
fell to 2.7, 2.5, and 2.2 V for batteries No. 5, 6, and 7,
respectively. Impedance measurement was conducted by an
electrochemical impedance spectroscopy (EIS) frequency
from 0.1 Hz to 5 kHz. Repeated charge and discharge cycles
resulted in accelerated aging of the batteries while imped-
ance measurements provide insight into the internal battery
parameters that change as aging progresses. The experiments
were stopped when the batteries reached end-of-life criteria,
which was a 30% fade in rated capacity (from 2 to 1.4 Ah).
This dataset can be used for the prediction of both SOC and
SOH. SOH is typically defined as the ratio of the current
capacity over the nominal capacity of a fresh battery, which
can be easily derived from the experimental capacity data.

Figure 2 shows the evolution of SOH for batteries No. 5,
6, and 7. The total charge/discharge cycles are all 168 for
these three batteries. It can be seen from Figure 2 that the
SOH time series shows a clear regeneration phenomenon
and local fluctuations, and the global degradation trend also
shows a multiscale characteristics, where capacity exists dif-
ferent degradation rates at different cycles. It is, therefore,
important to perform multiscale decomposition of SOH time
series for further prediction model construction. Note that in
practical industrial applications, the number of degradation
data samples would be much larger than this dataset of 168.
Moreover, with the development of lithium-ion batteries
technology, the life of commercial lithium-ion batteries have
exceeded 1000 charge/discharge cycles, which could allevi-
ate the small sample problem in SOH prediction.

Apart from the capacity-based SOH indication, the inter-
nal resistance has been used as another indication for charac-
terizing SOH. Note that the capacity and internal resistance
characterize the useful energy and attainable power to some
extent respectively. Hence, both SOH indications should be
simultaneously used in RUL prognostics for systematical
evaluation of energy and power degradation. The internal
resistance can be broadly classified into ohmic resistance and
polarization resistance. It has been recognized that the inter-
nal resistance not only depends on degradation, but also
depends on operating conditions such as temperature and
SOC. Furthermore, it has been found that the internal resist-
ance is much more sensitive to the temperature changes than
to degradation. Hence, the internal resistance-based SOH
indication should exclude the other factors except degrada-
tion. Figure 3 shows the estimated internal resistance from
EIS data for batteries No. 5, 6, and 7, where the internal
resistance is calculated through the sum of ohmic and polar-
ization resistances. It can be observed from Figures 2 and 3
that battery No. 6 with high degradation rate has a higher
internal resistance than batteries No. 5 and 7. Although the
capacity and internal resistance show decreasing and
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Figure 2. Evolution of SOH for three lithium-ion bat-
teries.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

increasing trends, respectively, the capacity regeneration
does not coincide with an exact internal resistance growth
for three batteries. It is, therefore, indicated that although
aging related changes in capacity and internal resistance usu-
ally point in almost the same degradation direction, both
SOH indications are not directly coupled. This study only
focuses on adoption of capacity degradation for quantifica-
tion of SOH.

Multiscale characteristics of SOH time series

Figures 4-6 show the wavelet decomposition of SOH time
series for batteries No. 5-7, respectively. The extracted
approximated signals are shown in Figures 4A, 5A, and 6A,
and the detailed signals are shown in Figures 4B-F, 5B-F,
and 6B-F. It can be easy to see that the extracted approxi-
mated signals show monotonic decrease trend and both high-
frequency peaks and low-frequency fluctuations are removed.
In addition, compared to the original SOH time series, the
approximated signals can capture the global degradation
trend with a small discrepancy. It is expected that long-term

0.18 |-
—=—No. §

——No. 6
—+—No.7

0.17 |-

0.16 |-

Internal Resistance (Ohms)

0.11 |-

0.10 | a 1 A 1 2 1 M 1 N 1 s 1 s 1
20 40 60 80 100 120 140 160
Cycle Number
Figure 3. Evolution of internal resistance for three
lithium-ion batteries.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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0F (A) —— Global degradation trend
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Figure 4. Wavelet decomposition of SOH time series
for battery No. 5: (A) approximated signal; (B)
level 1; (C) level 2; (D) level 3; (E) level 4; (F)
level 5.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

SOH prediction model based on the approximated signals
would be able to track the correct degradation trend by
removing fluctuations, which has been validated by the
results of long-term SOH prediction. It is also observed that
the peaks corresponding to capacity regeneration can be
almost captured by level 1-3 detailed signals. Based on the
amplitude and location of peaks labeled with dashed square,
it is found that the variations of strength of local capacity
regeneration at different charge/discharge cycles would take

Igg A —— Raw SOH time series
?,'3 (A) —— Global degradation trend

SOH(%)

0

0 20 40 60 80 100 120 140 160
Cycle Number

Figure 5. Wavelet decomposition of SOH time series

for battery No. 6: (A) approximated signal; (B)

level 1; (C) level 2; (D) level 3; (E) level 4; (F)

level 5.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 6. Wavelet decomposition of SOH time series
for battery No. 7: (A) approximated signal; (B)
level 1; (C) level 2; (D) level 3; (E) level 4; (F)
level 5.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

effects on the amplitude distribution at different scales.
Meanwhile, the peaks corresponding to high and low
capacity regeneration are mainly captured by level 2-3
detailed signals and level 1-2 detailed signals, respectively.
The level 4-5 detailed signals are considered to be low-
frequency performance fluctuations in lithium-ion batteries.
It should be noted that such a partition between local regen-
eration and fluctuations are scratchy and local fluctuations
often coexist with regeneration at level 1-3 detailed signals.
However, it is reasonable to conclude that the SOH time
series exhibit obvious multiscale characteristics.

Figure 7 shows the energy percentage among level 1-5
detailed signals for three batteries. It is found that three bat-
teries show different energy distributions of the level 1-5
detailed signals, which might be an indication for comparing
the performance of different batteries. It is also seen that the
level-3 detailed signal has the maximum energy percentage
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Figure 7. Energy percentage of detailed signals at dif-
ferent levels for three lithium-ion batteries.
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Figure 8. One-step-ahead SOH prediction for battery
No. 5.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

for these three batteries. The values of absolute energy in
level-3 detailed signals are 29, 89, and 21 for batteries No.
5, 6, and 7, respectively. From Figure 2, it is observed that
battery No. 6 has high regeneration capacity, while batteries
No. 5 and 7 have relatively low regeneration capacities.
Hence, the level-3 detail signal might be served as an appro-
priate indication for high regeneration capacity. In addition,
it is found that the energy percentage of level-1 detailed sig-
nal might be an indication of the capacity degradation rate
of batteries, where battery No. 6 with high capacity degrada-
tion rate has minimum energy percentage of level-1 detailed
signal and battery No. 5 with low capacity degradation rate
has maximum energy percentage of level-1 detailed signal.
However, it should be noted that these indications obtained
from energy distribution of detailed signals should be further
verified by investigating much more batteries life testing. It
is expected that through combining with bottom-up capacity
degradation mechanism analysis and experimental characteri-
zation, more useful information could be extracted from top-
down multiscale analysis of SOH time series, which would
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Figure 9. One-step-ahead SOH prediction for battery
No. 6.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 10. One-step-ahead SOH prediction for battery
No. 7.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]

be great helpful for the construction of accurate SOH predic-
tion model.

One-step-ahead SOH prediction

Accurate and rapid implementation of one-step-ahead
SOH prediction is important to SOC estimation. Figures 8-
10 show the one-step-ahead SOH prediction using SE-
MGPR, P-MGPR, and SMK-GPR for batteries No. 5-7,
respectively. The one-step-ahead prediction horizon is from
cycle 11 to cycle 168. The data point is recursively added
into the training set and the GPR model is updated step-by-
step. For example, to predict for cycle 100, data from previ-
ous 99 cycles was used. From Figure 8§, it is observed that
the predicted values of both SE-MGPR and P-MGPR almost
coincide with the actual SOH values, but the predicted val-
ues of SMK-GPR show relatively large deviations from the
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Figure 11. APE of one-step-ahead SOH predication for
three batteries: (A) No. 5; (B) No. 6; (C)
No. 7.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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Figure 12. MAPE and RMSE of one-step-ahead SOH
prediction for three batteries.

actual SOH values. The one-step-ahead prediction from Fig-
ures 9 and 10 also show the similar results as Figure 8. It is
implied that the multiscale GPR modeling approach could
provide very satisfactory prediction performance and follow
the fluctuations. Although SMK-GPR method theoretically
serves an outstanding approach to discover patterns with dif-
ferent scales, the optimization of a relatively larger number
of hyperparameters in SMK-GPR becomes more difficult
and is easily trapped into local optimum. Furthermore, the
intrinsic nonstationary and multiscale characteristics in SOH
time series might also attribute to a relatively large predic-
tion discrepancy of SMK-GPR. It is, therefore, validated that
the multiscale decomposition of SOH time series can be
greatly helpful to improve the prediction performance.

It is found from the enlarged view in Figures 8-10 that if
a local regeneration is occurred, both SE-MGPR and P-
MGPR cannot timely response and there almost exists one
time step delay. The one-time step delay might be attributed
to the fact that the structure of covariance function ensures
that locations close to each other in the feature space have
similar output values. When a regeneration peak is observed
in data, although the multiscale GPR model cannot capture it
timely, the next prediction can follow the trend. In addition,
the one-time step delay might also be due to that only time
index is included in GPR model. It is expected that timely
response can be achieved if more information about regener-
ation is included such as rest time.

The one-step-ahead prediction absolute percentage errors
(APE) on batteries No. 5, 6, and 7 are shown in Figures
11A, 11B, and 11C, respectively. It is found that maximum
prediction APE of three methods is always observed at
regeneration peaks for three batteries and SMK-GPR has
larger APE than both SE-MGRP and P-MGPR. It is also
seen that for both SE-MGRP and P-MGPR models, the max-
imum prediction APE on battery No. 5, 6, and 7 are less
than 6, 10, and 6%, respectively, and the most of the APE
values are less than 1% for three batteries. Moreover, the
prediction MAPE and RMSE on three batteries are shown in
Figure 12. It is found that SE-MGPR shows a slight better
prediction performance than P-MGPR, while SMK-GPR has
the largest prediction MAPE and RMSE. The smallest
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Table 1. Performance Comparisons of Different Methods for Batteries No. 5, 6, and 7

Battery No. Error Criteria Basic GPR* LGPFR® QGPFR® Combination LGPFR* Combination QGPFR* SMK-GPR P-MGPR SE-MGPR

5 MAPE(%) 12.10 23.0 1.90
RMSE 13.03 1.71 1.50
6 MAPE(%) 27.0 10.30 7.70
RMSE 22.51 6.90 5.12
7 MAPE(%) 19.20 1.90 5.40
RMSE 20.70 1.59 5.52

1.60 2.10 1.65 1.55 1.38
1.36 1.80 1.38 1.36 1.20
10.20 29.0 10.60 2.96 2.93
6.86 20.44 7.08 2.12 2.11
1.70 2.60 1.91 1.09 1.02
1.73 2.69 1.88 1.14 1.07

“Results of these methods are obtained from Ref. 21.

prediction MAPE of SE-MGPR on batteries No. 5, 6, and 7
are 0.60, 0.98, and 0.49%, respectively, and the smallest pre-
diction RMSE of SE-MGPR on batteries No. 5, 6, and 7 are
0.82, 1.33, and 0.72, respectively. The small values of
MAPE and RMSE indicate that the multiscale GPR model-
ing approach can be suitable to perform accurate one-step-
ahead SOH prediction and satisfy the engineering
requirement.

The computational time for constructing SOH prediction
model with six GPR models using both SE-MGPR and P-
MGPR is less than 10 s, which is able to meet the online
SOH estimation requirement. The computational time of
SMK-GPR with exact inference method is approximately
four times higher than that of the multiscale GPR model.
The possible reason is that the multiscale manner would
reduce the data complexity at each scale and the optimiza-
tion efficiency of GPR model could be greatly improved. For
SOC estimation, the actual usable capacity of lithium-ion
batteries needs to be estimated at the beginning of each
charge/discharge cycle. Since the time of each charge/dis-
charge cycle is generally from several tens of minutes to
several hours, such a long time is sufficient to construct the
SOH prediction model. Moreover, recent developed online
GPR model method can be introduced to further improve the
computational efficiency for tackling mass data problem.*?
More importantly, as the model in this study is the original
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Figure 13.

iance for battery No. 5 using three
methods: (A) SE-MGPR; (B) P-MGPR;
(C) SMK-GPR.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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GPR form, there is much room for further improvement, not
only in prediction accuracy but also in computational
efficiency.

Multi-step-ahead SOH prediction

RUL prognostics require accurate estimation of capacity
degradation over a long prediction horizon. To validate the
multi-step-ahead SOH prediction ability of the proposed
method, we first select the data from cycle 1 to cycle 100 as
train set and predict the SOH values from cycle 101 to cycle
168. The prediction MAPE and RMSE of SE-MGPR, P-
MGPR, and SMK-GPR on three batteries are then evaluated
and compared with the results obtained from Ref. 21. Table
1 shows performance comparisons of different methods for
batteries No. 5-7. It can be easy to see that the proposed
multiscale GPR modeling method has much better prediction
performance than the five published methods and both SE-
MGPR and P-MGPR have almost comparable best prediction
performance. In comparison with the best results among the
five published methods, SMK-GPR is found to be exhibited
comparable prediction performance. The smallest prediction
MAPE on batteries No. 5, 6, and 7 among the five published
models are 1.60, 7.70, and 1.70%, respectively, while the
prediction MAPE of SE-MGPR on batteries No. 5, 6, and 7
are 1.38, 2.93, and 1.02%, respectively. Similarly, compared
to the five published methods, the prognostic RMSE of
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Figure 14. Multi-step-ahead SOH prediction with var-
iance for battery No. 6 using three methods:
(A) SE-MGPR; (B) P-MGPR; (C) SMK-GPR.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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SE-MGPR on three batteries are also the smallest. It is thus
concluded that the multiscale approach could significantly
improve the SOH prediction performance. The possible rea-
son is that the extracted approximated signal with a mono-
tonic decrease trend can be easy to be modeled compared to
direct modeling of the raw SOH time series corrupted with
regeneration and fluctuations. Moreover, the extracted
detailed signals seem to be approximately stationary, which
would also take advantage of time series prediction method
with a lag vector. That further validates our perception that
for the long-term SOH prediction, it might be unnecessary to
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Figure 16. MAPE of multi-step-ahead SOH prediction

for three batteries: (A) No. 5; (B) No. 6; (C)

No. 7.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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[Color figure can be viewed in the online issue, which
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pay more attentions to accurately capture the local regenera-
tion and fluctuations, and the most important task is to cor-
rectly track the degradation trend, especially for a very long
prediction horizon in RUL prognostics. However, as the
operating conditions could significantly affect the degrada-
tion rate at different charge/discharge cycles, if the training
set does not cover the whole operating range, the data-driven
approach might fail to capture the correct trend.

Figures 13-15 show the multi-step-ahead SOH mean pre-
diction with variance for batteries No. 5-7, respectively. It is
observed that the predicted mean SOH of both SE-MGPR
and P-MGPR are much closer to the actual SOH curves than
that of SMK-GPR. The predicted variances of SE-MGPR
and P-MGPR gradually increase with the prognostic process
and will keep almost constant after 20, 30, and 20 steps on
batteries No. 5, 6, and 7, respectively, whereas for the SMK-
GPR, the predicted variances keep constant during the whole
prediction horizon. It is also seen that the predicted variances
of SMK-GPR are much larger than that of SE-MGPR and P-
MGPR for three batteries. As shown in Figures 13A-C, the
maximum variances on battery No. 5 are 1.2, 1.5, and 3.1
for SE-MGPR, P-MGPR, and SMK-GPR, respectively. In
general, a small prediction variance corresponds to better
prediction ability with high confidence. As stated by Liu
et al.,21 both mean and variance should be simultaneously
evaluated for making the prognostics better. Conversely, it is
found that the long-term predictions of three methods almost
become linear after a while. One possible reason could be
that the effect of covariance function reduces at points far
away from the training set and predictions approach the
mean function for GPR.

Moreover, the effect of the size of training set, varying
from 10 to 167, on the multi-step-ahead SOH prediction per-
formance, is thoroughly investigated. The number of training
samples increases with the increasing of the charge/discharge
cycles. Figures 16 and 17 plot the MAPE and RMSE of
multi-step-ahead SOH prediction against cycle, respectively.
As shown in Figure 16, the MAPE on three batteries
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gradually decreases with the increasing of the charge/dis-
charge cycles. The RMSE from Figure 17 also shows the
similar results as Figure 16. The main reason is that the error
of multi-step-ahead time series prediction often accumulates
step-by-step and the available of more training samples
would be helpful to decrease the prediction error. Both SE-
MGPR and P-MGPR show comparable prediction perform-
ance on three batteries. It is also found that the MAPE of
SMK-GPR is larger than that of SE-MGPR and P-MGPR at
higher cycle region. It further validates the effectiveness of
the multiscale modeling approach. Moreover, it is observed
that after gathering about 80 SOH samples, both MAPE and
RMSE of SE-MGPR and P-MGPR on three batteries are
shown to keep almost constant with little fluctuations. It
needs to be mentioned that the main aim of performing
multi-step-ahead SOH prediction is to carry out RUL prog-
nostics for safe and reliable operation of lithium-ion bat-
teries, and in general the prognostic performance of RUL for
batteries at the early period is not so important for most of
the circumstance, except for the extreme conditions that the
monitored batteries are damaged at early period. Based on
the given datasets, lithium-ion batteries with 80 charge/dis-
charge cycles are only at their intermediate stage of the
whole life. It is thus concluded that the proposed multiscale
method is able to provide an accurate long-term SOH predic-
tion for assisting in RUL prognostics. Moreover, note that
the recent developed novel strategiesz‘%’24 such as DirRec,
MIMO, and DIRMO can be worth investigating under the
proposed multiscale modeling framework to further improve
the long-term prediction performance.

Conclusions

A multiscale GPR model is proposed to SOH prediction
of lithium-ion batteries. Wavelet analysis method is applied
to decouple the global degradation, local regeneration, and
fluctuations in SOH time series. Then, GPR with the inclu-
sion of time index is utilized to fit the extracted global deg-
radation trend, and GPR with the input of lag vector is
designed to recursively predict local regeneration and fluctu-
ations. Three datasets of lithium-ion batteries obtained from
the data repository of the NASA Ames PCoE are used to
illustrate the effectiveness of the proposed method. The main
findings of the present study can be summarized as follows:

1. Based on the wavelet decomposition of SOH time
series, a smooth monotonic degradation trend is extracted;
the level 1-3 and level 4-5 detailed signals are related to
capacity regeneration and local performance fluctuations,
respectively. Energy distribution analysis shows the energy
percentage of the level-1 detailed signal might be closely
related to capacity degradation rate for different batteries.
The multiscale characteristics of SOH time series are obvi-
ously observed and multiscale decomposition of SOH time
series could be helpful to obtain more useful information,
reduce the modeling complexity, and improve the prediction
performance.

2. Both one-step-ahead and multi-step-ahead SOH predic-
tions illustrate the effectiveness of the proposed multiscale
GPR modeling method. For the one-step-ahead prediction,
the predicted SOH is very close to the actual SOH, and the
smallest MAPE on batteries No. 5, 6, and 7 are 0.60, 0.98,
and 0.49%, respectively. For the multi-step-ahead prediction,
the proposed method outperforms the combination GPR
model and SMK-GPR without multiscale decomposition in
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terms of the prediction MAPE and RMSE, and the perform-
ance of long-term SOH prediction will increase with the
increase of the training samples. Moreover, the computa-
tional time is less than 10 s, which is much lower than one
charge/discharge cycle. The results, therefore, indicate that
the multiscale GPR modeling approach provides a unified
framework for accurate and rapid SOH prediction, which is
helpful to SOC estimation and RUL prognostics. More
importantly, it should be noted that the proposed method
could be extended to other health management systems with
the multiscale characteristics.
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