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Li-Ion Battery State of Health Estimation and

Remaining Useful Life Prediction Through a
Model-Data-Fusion Method

Zhigiang Lyu

Abstract—The prognostics and health management of Li-ion
batteries in electric vehicles are challenging due to the time-varying
and nonlinear battery degradation. This article proposes a model-
data-fusion method for battery state-of-health estimation and re-
maining useful life prediction. First, combined with metabolic gray
model and multiple-output Gaussian process regression, a dynamic
and data-driven battery degradation model is established to sim-
ulate battery complicated degradation behaviors, which takes the
capacity degradation as the state variable and takes the internal
resistance and polarization resistance from battery Thevenin model
as the input variables. Second, to suppress the measurement noises
of online battery information, a particle filter is utilized to track
the battery capacity degradation for state-of-health estimation and
extrapolate the degradation trajectory for remaining useful life pre-
diction. Furthermore, battery ageing experiments are conducted
to verify the proposed model-data-fusion method. The verification
results show that the proposed method can provide an accurate
and robustness state of health estimation and remaining useful life
prediction at different temperatures.

Index Terms—Li-ion battery, metabolic gray model, model-data-
fusion, multiple-output Gaussian process regression, particle filter
(PF), remaining useful life, state of health.

I. INTRODUCTION

EVELOPING with the national energy-saving and
D emissions-reducing, electric vehicle (EV) has gained great
momentum in recent years from governments, industries, and
customers. Due to the high power/energy density, long service
life, and low environmental pollution [1], Li-ion Battery (LIB)
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has been widely applied as the power supply for EVs. Among
the subjects in the operation of LIBs, battery state-of-health
(SOH) estimation and remaining useful life (RUL) prediction are
significant, because electrical properties, security, and stability
alterations would reduce with an ongoing battery degradation
[2]. Battery SOH is defined as a percentage that reflects internal
resistance increase or capacity decrease. In EVs, the commonest
and most extensive threshold of SOH is that battery maximum
available capacity reduces to its 70-80% of the initial capacity.
Another threshold based on internal resistance is when battery
resistance reaches 160% or 200% of the initial resistance under
conditions of the same state-of-charge (SOC) and operating
temperature. While RUL is defined as the charge—discharge
cycles or time span from the current time to the life threshold
[3]. Accurate SOH estimation and RUL prediction of LIBs
can provide predictive maintenance and replacement of the
battery power system in EVs [4], [5]. To accurately moni-
tor the degradation behaviors of LIBs, a battery management
system (BMS) with specific embedded processes and meth-
ods is indispensable. Over recent years, extensive methods re-
search on the SOH estimation and RUL prediction have been
conducted.

A. Review of the Methods for SOH

For battery SOH estimation, according to the method charac-
teristics, these methods can be mainly divided into three classes:
experimental methods, model-based methods, and data-driven
methods [5].

1) Experimental Methods: As the name implies, the experi-
mental methods analyze the battery ageing behaviors with
extensive experiments. One of the experimental methods
is Coulomb counting method, the LIB was fully charged,
then, discharged at alow discharge rate, and the discharged
electricity was counted to determine battery SOH. Another
frequently used technique, impedance measurement, was
utilized to calculate SOH through the correlation between
SOH and impedance. Ohm’s law and Electrochemical
Impedance Spectrum (EIS) were primary tools. Besides,
incremental capacity analysis [6] and differential voltage
analysis [7] were utilized to analyze capacity degradation.
Limited by the discharge rate or specialized experimental
equipment, experimental methods have limited applica-
tion scenarios, e.g., laboratory environments [8].
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2) Model-Based Methods: To realize online and reliable

monitoring of battery degradation, model-based methods
are introduced. The model-based methods combined elec-
trochemical model or equivalent circuit model (ECM)
with adaptive filters involving the closed-loop and feed-
back control [9]. The electrochemical model describes
the electrochemical reactions inside LIBs using some dif-
ferential equations, offers insights and knowledge about
battery degradation mechanisms, thus, has high estima-
tion accuracy [10]. Due to the heavy computation cost
of the solution procedure, the simplification of the elec-
trochemical model gains great attention. For instance,
Zheng et al. [11] presented a numerical solution for an
electrochemical model, the iteration-approaching method
was incorporated with the trinal proportional-integral ob-
servers to enhance the estimation performance of SOC,
capacity, and resistance in energy storage system (EES).
With a reduced-order electrochemical model, Lin et al.
[12] used two separate sliding mode observers for joint
SOC and SOH estimation and verified the estimation
performance using the LiFePO4/graphite battery in EVs.
For EV and grid storage, Lyu er al. [13] proposed an
activation-and-response analysis method to identify the
parameters of a simplified single-particle model, and the
model parameters were proved to have strong correla-
tions with battery capacity degradation. Considering the
chemical/mechanical degradation physics, Li et al. [14]
developed an advanced single-particle-based degradation
model, and the model provided quantitative information
regarding solid electrolyte interface formation and cracks
propagation for the SOH estimation in EVs. However,
the calculative burden for electrochemical model still
hinders its possibility in BMS. Alternatively, ECM is
developed by circuit elements to depict static and dynamic
characteristics while neglecting battery physicochemical
ageing mechanisms. By taking SOC and capacity as state
variables, a multitime scale extended Kalman filter (EKF)
was used for combined SOC/SOH monitoring based on
the Thevenin model [15]. Afshari er al. [16] proposed
a smooth variable structure filter for battery SOH esti-
mation in EES using the chattering signal and without
the need for modeling the batteries, the proposed smooth
variable structure filter can provide more accurate estima-
tion accuracy of SOC and SOH than EKF. To avoid the
linearization of EKF, based on the real-time current and
voltage, Schwunk er al. [17] proposed a particle filter (PF)
to achieve SOC and SOH estimation of LiFePO4/graphite
battery using the same estimation framework. Consider-
ing the variation of resistance with SOC, Shi ef al. [18]
proposed an improved unscented PF to track the resistance
based on a second-order resistor—capacitor model in EVs,
then, SOH was calculated through the resistance-based
definition. Taken as a whole, the model-based methods
estimate the model ageing parameters which are sensitive
to battery degradation and have high application poten-
tial. However, a common and accurate ageing model is
necessary for these methods.
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3) Data-Driven Methods: The data-driven methods describe
battery internal degradation evolution through the abun-
dant pretest data and some machine learning algorithms
without expert knowledge on ageing mechanisms. For
instance, Piao et al. [19] proposed a hidden Markov model
to analyze battery health status in EVs based on the
stochastic relationship between resistance and lifetime.
You et al. [20] designed a long short-term memory to
improve the performance of the recurrent neural network,
then, the measurable battery data in EVs were used to
estimate battery SOH with the average error lower than
2.46%. For EES, Meng et al. [21] captured the relationship
between the features from the terminal voltage response of
LIBs under current pulse test and SOH using the support
vector regression (SVR). Guo et al. [22] extracted the
health features from the charging stage of EV, and the
relevance vector machine (RVM) was used to calculate
SOH with the optimized health features by principal
component analysis. These types of methods are flexible,
however, have high requirements on the effectiveness and
portability of the machine learning algorithms. Besides,
relative to model-based methods, data-driven methods
are an open-loop estimation framework essentially, thus,
highly depend on the transmitted data.

B. Review of the Methods for RUL

For the RUL prediction, it needs to judge the future battery
degradation trend instead of direct measurement. The prediction
techniques include model-based methods, data-driven methods
[4], [23].

1) Model-Based Methods: There are few articles which
present battery ageing models to predict RUL, the com-
bination of empirical models and adaptive filters are
mainstream battery degradation models. For instance, Liu
et al. [24] proposed a capacity degradation model con-
sidering the cycling current in the hybrid EES, and PF
was used for the long-term RUL prediction. Based on
the double-exponential capacity degradation model [25],
Zhang et al. [26] addressed the problem of the sample
degeneracy phenomenon in unscented particle filter (UPF)
using the Markov chain Monte Carlo for hybrid EVs. The
improved UPF demonstrated the effectiveness of the RUL
prediction. Walker et al. [27] contrasted the nonlinear
least squares, PF, and Unscented Kalman Filter (UKF)
for the RUL prediction with three separate models of
LIBs. Besides, for the electronic systems, Duong et al.
[28] introduced a heuristic Kalman algorithm to tackle
sample degeneracy and impoverishment of standard PF.
The Heuristic PF performed better on the RUL prediction
than PF, UPF, and particle swarm optimized PF. The
model-based RUL prediction methods can improve the ac-
curacy of health prognostic. However, the model accuracy
is easily influenced by external and internal factors [5],
such as SOC and loading profiles, then, the RUL prediction
accuracy is affected.
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2) Data-Driven Methods: For the satellite batteries, Saha et
al. [29] developed a lumped parameter model based on
the EIS test and constructed an ageing model based on
RVM and offline EIS. Combined with exponential curve
fitting, quadratic functions, SVR, and EIS test, Wei et
al. [3] constructed an SVR-based capacity degradation
model, and PF was employed to estimate degradation
parameters for the SOH estimation and RUL prediction.
To avoid the offline EIS test, Zhou et al. [30] proposed the
mean voltage falloff in the constant-current discharging
period for battery degradation modeling, and an optimized
RVM was employed to predict the battery RUL in EVs.
Parthiban et al. [31] designed an artificial neural network
to approximate the relation between the charge—discharge
cycle and battery capacity, the short-term predictive ca-
pability performed better than the long-term prediction.
To enhance the prediction performance, Liu ef al. [32]
proposed an incremental optimized RVM algorithm with
a flexible training strategy, the proposed method had a
low computational burden and excellent RUL prediction
performance. Khumprom et al. [33] presented deep neural
networks to predict SOH and RUL of LIBs, moreover,
the proposed deep neural network was compared against
other machine learning algorithms. Li et al. [34] proposed
a hybrid model to predict the battery RUL in EVs by
combining the long short-term memory and Elman neural
networks to predict high- and low-frequency sublayers, re-
spectively. Inevitably, individual training data points have
an even greater impact on predicting accuracy for these
methods. Besides, the immeasurable battery capacity is
also another obstacle to obtain the training dataset for the
RUL prediction.

C. Contribution of the Article

In the light of these previous works, whether SOH estimation
or RUL prediction, accurate battery degradation models are
necessary. The parameters in the degradation models should be
estimated through an online process, so real-time battery health
status can be monitored. When RUL is predicted, no online
and future battery information can be measured, the historical
battery parameters should be employed to predict the capacity
degradation trend. Moreover, interval estimation is also essential
to express the uncertainty of RUL prediction.

In this article, a model-data-fusion method is developed for
battery SOH estimation and RUL prediction. Based on battery
Thevenin model, ohmic resistance and polarization resistance
are as the representative ageing features to quantify battery
capacity degradation. Further, considering the coupling relation-
ship between the two ageing features, then, combined battery
temperature, metabolic gray model (MGM), and multioutput
Gaussian process regression (MOGPR), a dynamic and data-
driven state-space representation for battery ageing modeling
is constructed. Finally, to suppress the system noise, PF is
further used to track the battery capacity degradation for the
SOH estimation. Meanwhile, the output of PF is employed to
update the state-space representation for closed-loop control and
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Fig. 1. Extensible multichannel battery testing system [36], [37].

dynamic model updating. Based on the SOH estimation results,
RUL prediction with probability distribution is achieved.

D. Organization of the Article

The rest of this article is organized as follows. Section II
introduces the definitions of SOH and RUL, then, battery ageing
test is introduced. Section III introduces the battery Thevenin
model and ageing features for battery degradation modeling.
Section IV describes the PF, MGM, MOGPR, and the pro-
posed model-data-fusion method for SOH estimation and RUL
prediction in detail. Section V provides simulation results and
verification. Finally, Section VI concludes this article.

II. LI-ION BATTERY AGEING TEST

In this article, the capacity-based definitions of SOH and RUL
are adopted

! ey

SOH; = & x 100%
RUL; = |Cycle; — Cyclegoal

where SO H;, C; are the values of SOH and battery capacity in
the 7th test, respectively, while C1 is the initial battery capacity
at a certain temperature. RU L; is the predicted RUL (or cycles(
after < accumulated cycles (C'ycle;), and C'ycleyota is the total
cycles that battery goes through from a fresh battery to the life
threshold. Over the lifetime of LIBs, battery capacity gradually
decreases due to the irreversible physical and chemical reactions.
When the SOH drops below 80%, the batteries may be no longer
usable in EVs [2], [9].

To simulate the complex working environment of the batteries
in EV, a series of dynamic charging and discharging cycles are
carried out at different temperatures with an extensible multi-
channel battery testing system [35], [36], as shown in Fig. 1. The
experimental procedure for accelerated degradation of batteries
is shown in Table L.

As shown in Fig. 1, the batteries manufactured by Samsung,
labeled ICR18650-26F, numbered A and B, are tested [36], [37].
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TABLE I
AGEING EXPERIMENTAL PROCEDURE OF BATTERIES

Step 1: Characteristic test, including capacity test, New European Driving
Cycle (NEDC) test, Urban Dynamometer Driving Schedule (UDDS) test,
and Japanese 10-15 mode driving cycle (JP1015) test at 10 °C.

Step 2: Characteristic test, including capacity test, NEDC test, UDDS test,
and JP1015 test at 25°C.

Step 3: Characteristic test, including capacity test, NEDC test, UDDS test,
and JP1015 test at 40°C.

Step 4: Composite loading for 3 times at 45 °C for the accelerated ageing
test.

Step 5: Return to Step 1 until the maximum capacity is less than 80% of the
nominal capacity at 25°C.
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Fig. 2. Capacity and capacity deviation.

The materials consist of graphite on the anode and LiNMC
on the cathode. According to the experimental procedure (see
Table I), the evolution of the capacities of two batteries over the
degradation process at different temperatures is shown in Fig. 2.

As shown in Fig. 2, battery capacity tends to nonlinearly
decrease when the cycle increases. Although the two batteries
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Fig. 3. Battery Thevenin model.

are tested in the same environment, the capacities still show some
differences due to the inconsistency caused by ageing, and the
differences increase gradually with the ageing cycle.

III. BATTERY MODEL AND AGEING FEATURES

ECMs, as the lumped models with relatively few numbers
of parameters, have been studied to depict static and dynamic
characteristics of LIBs. Hu et al. [38] compared 12 commonly
used ECMs and considered the Thevenin model to be preferred
for LINMC batteries. Xiong et al. [9], [10] pointed out that the
Thevenin model is more suitable for on-board use in BMS to
simulate the battery performance based on the balance between
model accuracy and complexity. Herein, the Thevenin model
is employed for battery modeling. Thevenin model contains
an open-circuit voltage, ohmic resistance (), and a resistor—
capacitor (R //C1) network, as shown in Fig. 3.

For the batteries in EVs, the terminal voltage U, loading
current I1,, and temperatures are easy to measure directly. Based
on these direct measured battery information and recursive least-
squares method [9], [15], the model parameters are identified in
real time. According to [39], [40], battery identified resistances
(Ro, R1) keep a constant basically in the intermediate region of
SOC.

The power battery system consists of hundreds of batteries
connected in series and parallel [5]. However, LIBs with differ-
ent attended modes (such as wire diameters and welding man-
ners) may lead to different measured internal resistance. Besides,
the inconsistency and the external resistance between batteries
also leads to different battery maximum available capacity. To
eliminate the effects of connection types and inconsistency on
initial resistance and capacity, in [35], we have defined the
increment of internal ohmic resistance (A Ry) and polarization
resistance (A Ry) of the Thevenin model as the ageing features
to quantify battery capacity degradation (AC)

Ri = L (Ry(SOC = 30%) + - - - Ro(SOC = 80%))
Ri = 1 (R (SOC = 30%) + - -- Ry (SOC = 80%))
AR = | R — Ry
AR: = |R: — RY|
AC; = |Cy — Cy .

1
1

3

@)

Pearson correlation analysis, the most extensively used
method to measure correlation as shown in (3), is employed
to quantitatively evaluate the correlation between two features
and capacity degradation. Besides, a 95% confidence interval
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Fig. 4. Correlation analysis.

for the Pearson correlation is illustrated in Fig. 4
. SX-X)Y-Y)
VI (X - XAy -1

where X is the mean of X sequence and Y is the mean of YV’
sequence.

As shown in Fig. 4, at 10 °C, the Pearson correlation coef-
ficients between the ageing features and capacity degradation
are minimal, about 0.95. At higher temperatures, the Pearson
correlation coefficients significantly increase to about 0.98.
Generally, a Pearson correlation coefficient of +0.8 indicates a
strong correlation between the two variables. Thus, the capacity
degradation exhibits a high correlation with the two ageing
features according to the calculated Pearson coefficients and

3
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the 95% confidence intervals (ClIs). In addition, the correlation
coefficients between the ageing features are greater than 0.94
at various temperatures. The result suggests that there is also a
strong coupling relationship between the two ageing features.

However, the estimation framework in [35] is open-loop.
Herein, the same ageing features are employed to develop a
dynamic, close-loop, and model-data-fusion method for the
SOH estimation and RUL prediction.

IV. METHODS

The primary missions of this article are to develop a dynamic
and data-driven state-space representation to describe battery
degradation, then develop a model-data-fusion method for the
battery SOH estimation and RUL prediction. In this case, the
MGM-based and MOGPR-based capacity degradation models
are employed to construct a dynamic battery ageing model,
while PF is utilized to track or extrapolate capacity degradation
according to the ageing features in every dynamic test.

A. Particle Filter

Sankararaman et al. [41] pointed out that the Bayesian inter-
pretation of uncertainty is more suitable for the RUL prediction
in the context of condition-based monitoring. PF is a sequential
Monte Carlo method for online learning within the Bayesian
framework, which has been reviewed in [42]. PF focuses on
a general situation for the nonlinear state-space model with
non-Gaussian noise assumption, while the KF family, such as
EKF or UKEF, is based on a local linearized state-space model
with Gaussian noise assumption. The basic idea of PF is that
the posterior density is represented by a set of random particles
with associated weights. Thus, PF has the potential to be one of
the core algorithms in BMS for the battery SOH estimation and
RUL prediction.

For a nonlinear and dynamic system, a state-space representa-
tion is a general mathematical model to describe the relationship
among a set of the measurable observation (z) and unknown state
variable (z)

{Z’k - f(xk—17wk—1)<:> (a) (4)

2k = h (xk,vk)@ (b)

where f(e) and h(e) are the nonlinear functions to be
estimated,w and v are non-Gaussian noise, respectively.

Based on the state-space representation, the state estimation
of the dynamic system can be performed according to the pro-
cedures of PF shown in Table II.

B. State-Space Representation

In the state-space representation shown in (4), state equation
describes the time recursion between two adjacent state vari-
ables, while the observation equation describes the relationship
between the observations and the unknown state variable. For
the SOH estimation and RUL prediction of LIBs, a dynamic
and general state-space representation is critical to improve the
estimation and prediction accuracy.
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TABLE II
PARTICLE FILTER STEP 1: INITIALIZATION: GENERATE A SAMPLE SET

AN
Step 1: Initialization: Generate a sample set {X:)} , from the initial
i=

distribution p(XO) ,setk=1.

Step 2: Time update: based on Eq.(4) a, draw the predicted sample
X, ~p(xk |x£71),i=1,2,~~-,N.
Step 3: Observation update: once the observation z, is measured, evaluate

the weight of the sample ﬁ/; = W,;_l p(zk | x,’t) , and normalize
w, = ﬁ/;;/z;ilﬂlg ,i=1,2,---, N based on Eq. (4) b.

AN
Step 4: Resampling: generate a new sample set {xk/} . by resampling
=

Y o )
(with replacement) N times from {x,’( }i:l , where, Pr(xk’ =x,l\,) = W,lc s
and set weight W,: =1/N.

n N A
Step 5: Obtain the estimation results X, = ZFI W’kx,ﬁ .

Step 6: set kK =k +1 and return to Step 2.

1) MGM-Based Battery Degradation State Equation: To de-
scribe battery capacity degradation, the state variable is taken as
battery capacity AC. Then, the issue to establish the degradation
model is transformed to approximate the relation between his-
torical capacity degradation and next-time capacity degradation

Ack+1i
ACri1 = [(ACH, AC 41, ,ACk_1,ACL)  (5)

where f(e) is a function to describe the battery degradation
mechanism. Because of the complex electrochemical reactions,
it is difficult or even impossible to determine the unknown
functional coefficients of f(e) without specific expressions.
Herein, Gray Model (GM) is employed toreplace f(e). GM (1,1)
is currently one of the most widely used gray prediction models
[43]. Itis a linear dynamic first-order single sequence prediction
model for the discrete form of the differential equation for time
series prediction, which can be established using at least four
data points. The procedure of GM (1,1) is expressed as follows.
Step 1: Establish a non-negative sequence X (?) using the
historical capacity degradation data for model initialization:

XO = (acl?,acf,- act”) (©)

where AC,EO) >0, k=1,2,---n.

Step 2: Generate the first-order accumulated generating op-
eration sequence X (1) to suppress noise and randomness based
on the initial sequence X (©):

X(l) = (ACF)? Acél)v T Aclil)) (7)

where AC’,gl) is derived as the following equation:

k
Acl(cl) :ZACIEO)’ k=1,2,...n. (3)

i=1
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Step 3: Define the first-order differential whitening equation
of sequence

a(ac?)
e

Above, G = [a,b]T is a sequence of parameters that can be
conducted by

ta (AC,E”) —b. ©)

a=(B"B)'BTY (10)

where Y = [AC’éO), AC’Q(O), N AC’%O)]T,

—Ix@act +acty 1
—Ixac) +aciy 1

—ix@act? +actV)H1

Step 4: Compute the time response function of AC 1(;21 attime
k + 1 according to (9)
W _ac® _ b a0
Ack+1 = [AC’l — a} e + P (11
To obtain the predicted value of the original sequence, the
inverse accumulated generating operation is operated

b
ACY, = At —ac = [Ac@ - a] e (1 e%).

(12)
As the LIBs age, the ageing trend may have different char-
acteristics. Meanwhile, the data size of the historical capacity
degradation increases, which requires more and more calcula-
tion power for prediction. To obtain the latest information for
modeling and reduce the calculation power, the metabolism is
introduced to construct an MGM and enhance the prediction
accuracy. The schematic diagram of MGM is shown in Fig. 5.
As illustrated in Fig. 5, the procedure of MGM can be divided
into four steps.

Step 1: The GM (1, 1) is implemented to predict the next-time
capacity degradation.

Step 2: The predicted capacity degradation is updated by external
information updating.

Step 3: For the sequence reconstruction, the oldest data point
of capacity degradation is removed, and the updated capacity
degradation is introduced through the metabolism.

Step 4: Return to Step 1 for the next prediction.

Herein, MGM is used to build a dynamic state equation to pre-
dict battery capacity degradation trajectory. In other words, the
predicted capacity degradation is as the prior information, then,
updated by external information to reconstruct the prediction
series.

2) MOGPR-Based Battery Degradation Observation Equa-
tion: In the previous section, the prior capacity degradation is
predicted based on the MGM. The capacity predicted degra-
dation trajectory would deviate from the actual trajectory with
never correction. Thus, it is significant to update the predicted
prior estimate through the observable ageing features. However,
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there exist high relevance and particularity between the two on-
line ageing features (see Fig. 4). Herein, MOGPR is introduced
to treat with such a multiple-input-multiple-output problem, and
the ageing-features-based degradation model is established to
update the MGM-based prediction results (information updating
in Fig. 5).

The MOGPR is employed to establish the nonlinear
functionh(e), then intends to approximate the two outputs
{ARy, ARy} simultaneously using the capacity degradation
as the input by considering their correlations, to outperform
individual modeling, as shown in Fig. 6.

Like the single-output Gaussian process regression (GPR)
[45], [46], the two outputs { ARy, AR, } are supposed to follow
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a Gaussian process (GP)

£(AC)GP (0, Ky (AC, ACY)). (13)

In a GP, the multioutput covariance matrix /Cpr (AC, AC") €
R?*2 can be expressed as

ki (AC, AC") kip (AC, ACY)

kgl (AC, AO’) k22 (AC, AO/) . (14)

Kua (AC,AC") =

Every element ki (AC, AC") in the covariance matrix cor-
responds to the covariance, i.e., the degree of correlation or
similarity, between outputs ARy and AR;.

Given the nonlinear relationship:

y:(AC) = fi(AC) + & (15)

where the independent identically distributed Gaussian noise
eN(0,02 ) is assigned to each output, the likelihood function
for the 1" outputs follows:

p(ylf, AC, %) = N(£(AC), %) (16)

where ¥, € RT*T is a diagonal matrix with the elements
{Ug,t}lﬁtST'
When the training set AC = {ACY, ..., ACr}T and output

T
observationsy = {{ﬁg‘;} s {ﬁgﬁ} } are employed to
1 1T
training a MOGPR, then, a new test point AC* is inputted
to the MOGPR, the predicted posterior distribution f(AC,) =

{f1(AC,), ..., fr(AC)}T of the model output is
£(AC.)|AC,y, ACN (?(AC*) 72*) . 17)
Thus, the mean and variance are as follows:

£(AC,) = K&, [Km(AC,AC) + Sy 'y
. = K (AC., AC,) (18)

K5, [Kn(AC,AC) + p] ' Ko
where Ky = Ky (X,AC,) € R™T has  blocks
Ktt’(Xv AC*) = [ktt’(ACiv AC*)] for = 1, o, n and
t,t'=1,....,T; Ky(AC,,AC,) € R™T has elements

kw (AC,, AC,) for t,# =1,...,T; each diagonal element of
Y corresponds to o7 (AC,); and ¥y = Xg ® [, € RV T
is a diagonal noise matrix; the symmetric and block partitioned
matrix K, (AC, AC) € R"T*"T is calculated by (14) as

Kll(Aé, AC) e K1T<Aé, AC)

Ku(AC,AC) = : :

Kri(AC,AC) - Kpp(AC,AC)
(19

Covariance matrix represents the covariance of all outputs, so
MOGPR can model multiple outputs and capture the correlation
between multiple outputs.

Therefore, MOGPR can capture the underlying relationship
between the input and outputs, and the coupling relationship
between the outputs. Herein, the capacity degradation (AC') of
the reference battery is as the training/input set, the two ageing
features (A Ry, ARy) are as the outputs, as shown in Fig. 6.



LYU et al.: Li-ION BATTERY SOH ESTIMATION AND RUL PREDICTION THROUGH A MODEL-DATA-FUSION METHOD

6235

C Start SOH estimation ) C Start RUL prediction )
v ] v ] I ]
Sensors of PF initialization| | Modeling data Modeling data | |[PF initialization Random noise
battery for SOH for SOH for RUL for RUL
] Y y ¥ r y
Featufe Pr.' or MGM MGM = Pr.or. > Observation
extraction Prediction Prediction
] ¥ Eq.20 ) ) Eq.22 y
Offline Posterior Estimated AC Predicted AC Posterior
MOGPR update database database update
N Resampling Resampling &

Weight redistribution

¥

Capacity degradation estimation

y

Estimate battery SOH

SOH estimation

Weight redistribution

y

Capacity degradation prediction

Predict battery RUL
+ RUL prediction

C End )

Fig. 7.

C. Proposed Methods

To complete the task of SOH estimation based on the pro-
posed model-data-fusion method, a dynamic and data-driven
state-space representation is constructed first

ACy,, = MGM (Aé’,j_m, o ,Aé,j) +wp
AREF! R (20)
[AR%H] = MOGPR (AC, T) + e
1

where AC;, 1 represents the MGM-based prior estimation of
capacity degradation, ARIS 1 ARIfH represents the estimated
ageing features through MOGPR, and T represents temperature.

With the state-space representation, PF can update AC’,; 11
and obtain the posterior state (AC ,j 1) using the ageing features
as inputs. Then, the output (A(Al'k,+ 1) 1s fed back to update the

state-space representation [see (20)] again.
Then, the SOH can be calculated by

C1 — ACTH
1

For RUL mentioned in (1), the essential of RUL prediction is

to estimate C'ycleiota. However, to complete the RUL predic-

tion in EVs, two problems remain to be solved: 1) The battery

actual capacity cannot be measured. Thus, to predict battery

RUL, the estimated capacity dataset is adopted; 2) Future ageing

features cannot be acquired. Herein, we use the prediction and
random noise to describe the predicted degradation trajectory

SOH), = x 100%. 21

Flowchart of the proposed method for the SOH estimation and RUL prediction.

of LIBs. Moreover, historic capacities are preserved to avoid
violent divergency. Finally, a state-space representation for the
RUL prediction is constructed as

{ AC’I;+1 =

MGM (Aéj, S ,Aé,j) Wi
AC’;‘H =

. (22)
ACIC_Jrl + Vk+1-

Based on the state-space representation, the battery capacity
degradation (AC’,;:Q is extrapolated through PF. When the
predicted capacity degradation reaches the life threshold, RUL
is determined.

To sum up, a flowchart of the proposed model-data-fusion
method for the battery SOH estimation and RUL prediction is
shown in Fig. 7.

As can be seen from Fig. 7, there are a few steps that need to
be implemented in sequence to implement the proposed method
for SOH estimation and RUL prediction

Step 1: State-space representation construction for SOH esti-
mation.

1) In each modeling, four historic capacity degradation data
were used for model initialization [Data Model Initializa-
tion (DMI) = 4], the MGM is employed to construct the
state equation.

2) The capacity degradation and ageing features of the refer-
ence battery are extracted as the offline input and output of
MOGPR, respectively, to form the observation equation.

3) Combined MGM-based state equation and MOGPR-
based observation equation, a dynamic and data-driven
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state-space representation is constructed to describe the
battery degradation, as shown in (20).

Step 2: PF for capacity degradation trajectory tracking.

1) The initial capacity degradation and weight distribution
are set according to Step 1 of PF.

2) For the validation battery, the next-time prior capacity
degradation is predicted by the MGM-based state equation
in step (1.1) based on Step 2 of PF.

3) The ageing features and temperature of the validation bat-
tery are extracted and imported into the trained MOGPR-
based observation equation in step (1.2); then, we can
obtain the estimated ageing features.

4) Based on the PF-based framework and step (2.3), the
prior capacity degradation is updated using the online
ageing features of the validation battery to obtain posterior
capacity degradation based on Step 3 of PF.

5) According to the resampling strategy, the weight of the
particles is reassigned based on Step 4 of PE. Then, the
SOH is calculated according to (21) based on the particle
weight shown in Step 5 of PE. Then, returns to Step
1 to update the state-space representation for the SOH
estimation through posterior capacity degradation.

Step 3: State-space representation and PF for RUL prediction.

1) When battery estimated SOH is greater than 80% and RUL
prediction is started, the capacity degradation dataset is as
the modeling data for the RUL prediction.

2) The MGM is employed to form the state equation, and the
sum of capacity and random noise is as the observation
equation. Thus, a state-space representation for the RUL
prediction is constructed in (22).

3) Based on the PF-based framework and the dynamic state-
space representation, battery capacity is extrapolated to
the failure threshold (<80% of initial capacity). Then,
cycleorar and RUL are predicted from the extrapolation
process.

For purposes of comparison, some common techniques in
the previous research works for the SOH estimation and RUL
prediction are implemented. Herein, with the same defined
ageing features (AR and AR;), the commonly used and the
effective data-driven methods, GPR [46] and SVR [21], are used
to estimate SOH, while 6-rd polynomial model [23] and double
exponential model [47] are used to predict RUL.

V. RESULTS VERIFICATION AND DISCUSSION

This section evaluates the performance of the proposed
model-data-fusion method for the SOH estimation and RUL
prediction using the datasets obtained in Section II. To avoid the
single verification mode and improve the data utilization, the
ageing features are extracted by randomly selecting one cycle
data from three dynamic loading profiles. Besides, the dataset for
offline ageing feature-based battery degradation model construc-
tion is selected randomly at different temperatures, as shown in
Table III. Thus, such a verification mode can adequately assess
the performance of the proposed method using the two batteries,
respectively.

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 36, NO. 6, JUNE 2021

TABLE III
BATTERY NUMBER FOR DATA SELECTION

Temperature Reference battery Validation battery
10°C NO. A NO. B
25°C NO. B NO. A
40°C NO. A NO. B
TABLE IV
NUMERIC RESULTS OF THE SOH ESTIMATION
Method Index 10°C 25°C 40°C
Proposed RMSE/% 0.6596 0.5086 0.7250
STD/% 0.6650 0.5154 0.7277
GPR RMSE/% 1.1184 0.6986 1.5893
STD/% 0.9617 0.7053 1.5578
SVR RMSE/% 2.5507 0.8456 0.7628
STD/% 2.5828 0.8537 0.7716

Herein, the particle number is set as 200, and the residual
resampling method is as the resampling strategy. In addition,
for the simulations of this proposed method, the software and
hardware platform configuration information are as follows:
Desktop, Intel Core i7-7700K 4.2G CPU, 32G DDR3 RAM,
Windows 10, MATLAB R2018a.

A. Verification of the SOH Estimation

For the validation of the proposed SOH estimation method,
the two batteries’ ageing datasets are applied for simulation
at different temperatures, respectively. The capacity degrada-
tion is first estimated, then battery SOH is calculated through
(21). According to Table III, SOH estimation results using
the proposed method at different temperatures are shown in
Fig. 8. Besides, the SOH estimation results of the contrast
methods at different temperatures are shown in Supplementary
Figs. 1 to 6. As illustrated in Fig. 8, battery SOH decreases
with ageing, and the proposed model-data-fusion method can
track the capacity degradation trajectory effectively at different
temperatures. Besides, it does occur the capacity regeneration
during the whole life, however, the model-data-fusion method
can quickly return to actual degradation trajectory and achieve
accurate SOH estimation. Also, 95% Cls of SOH estimation
are given, the narrower CI represents a stronger reliability of
the SOH estimation. Combining Figs. 2 and 8, although the
capacity difference between two battery becomes bigger with
ageing, the CIs and errors in the whole life tend to converge and
are no more than & 2%. Besides, there is no obvious correlation
between temperatures and errors. The results imply that the SOH
estimation is accurate and robust.

To quantificationally evaluate the performance of different
methods for the SOH estimation, the root mean squared error
(RMSE) and error standard deviation (STD) are calculated, the
results are shown in Table IV. The RMSE is a standard statistical
metric to measure the dispersion degree and convergence per-
formance between estimated and real curves of SOH. The STD
is employed to measure the overall fluctuation trend of SOH
estimation errors.
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Fig.8. SOH estimation results for different batteries at different temperatures.

As shown in Table IV, the RMSE and STD of the proposed
method for the SOH estimation are maintained about 1% at dif-
ferent temperatures, which are less than GPR and SVR. There-
fore, it can be concluded that the model-data-fusion method
for the SOH estimation is available and has higher accuracy
and stronger robustness than the contrast methods owing to the
closed-loop control and dynamic model updating.

B. Verification of the RUL Prediction

Based on an accurate SOH estimation, battery RUL prediction
is implemented. In this case, the RUL threshold is set to 80%
of initial capacity at different temperatures, then, battery RUL
is predicted at 60% and 80% of the whole lifetime, respectively.
The graphical results of RUL prediction are shown in Fig. 9,
while the results of the 6-rd polynomial model and double
exponential model are shown in Supplementary Figs. 7 to 18.
Meanwhile, the absolute errors of the three models for the RUL
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TABLE V
ABSOLUTE ERRORS OF THE RUL PREDICTION

Model Starting 10°C 25°C 40°C
60% 31 40 54
Proposed
80% 3 2 2
6-rd 60% 114 28 78
polynomial
model 80% 54 61 46
Double 60% 93 123 108
exponential
model 80% 12 3 3

prediction with different starting points are listed in Table V. It
is important to point out that the battery goes through about 15
cycles between two adjacent data points (see Table I), the actual
RUL is determined by the linear interpolation.

As illustrated in Fig. 9, using the SOH estimates as the
modeling data to extrapolate the battery capacity degradation,
the predicted capacity is slightly smaller than the actual capacity
due to the smaller capacity estimates. Besides, the capacity
trajectories produced through the model-data-fusion method are
approximately consistent with the actual capacity trajectories,
and especially accord with the characters of actual capacity
trajectories when more capacity data are obtained. In addition,
the probability density function (PDF) of the capacity estimates
reflects the uncertainty of the RUL prediction. The entire PDF
can be equivalently represented using its mean (or center) and
variance (or width), and the mean of PDF distribution represents
the accuracy of the RUL prediction while the variance represents
the uncertainty of RUL. As the predicted starting point moves
backward (from 60% to 80% of the lifetime), the distributions
of PDF on the X-axis become narrower and the peaks become
higher, which indicates that the uncertainty of the results of
the RUL prediction becomes smaller. For instance, at 10 °C,
when the RUL prediction is started at 60% of the lifetime, the
prediction error is 31 cycle, while 80% of the lifetime is as
the prediction starting point, the prediction error is significantly
reduced to three cycles. That is, the accuracy of the RUL grad-
ually increases, and the uncertainty of RUL gradually reduces
when more SOH estimates are used for modeling. Similar results
can be attained at the other two temperatures for the proposed
model-data-fusion method. Compared with the 6-rd polynomial
model and double exponential model, the proposed method has
smaller absolute errors at different starting prediction points and
temperatures (see Table V). In addition, there is not a diver-
gent phenomenon for the proposed model-data-fusion method
to predict capacity degradation comparing with the other two
models.

C. Time Analysis of the SOH Estimation and RUL Prediction

To further evaluate the computation complexity of the pro-
posed methods, the time consumptions for SOH and RUL
prediction are counted. Meanwhile, the time for the methods
of comparison is counted as illustrated in Fig. 10. For SOH
estimation, the proposed method requires about 1 to 1.2 s to
complete all the calculations. By contrast, GPR and SVR have
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Fig. 9. RUL prediction results of different batteries at different temperatures.

faster computation speed [see Fig. 10(a)]. The main reason is
that the proposed method needs to forecast and update capacity
degradation except for offline training. In general, the proposed
method provides higher estimation accuracy with longer time
consumptions. For the RUL prediction, the three ageing models
adopt the same prediction framework using the SOH datasets.
Therefore, different ways and data for modeling lead to different
time consumptions. As shown in Fig. 10(b) and (c), the three
models have similar modeling time in milliseconds level. Be-
sides, the RUL prediction using 80% of the lifetime costs more

=
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time than using 60% of the lifetime due to more modeling data
for prediction.

Summing up the above results, the proposed methods can
achieve accurate SOH estimation. Based on the estimated SOH,
RUL is predicated at different in starting point with high esti-
mation accuracy. In consideration of the computational accu-
racy and time consumption, the proposed methods have better
performance for the SOH estimation and RUL prediction than
some previous works. Therefore, the model-data-fusion method
can accurate SOH and RUL and valuable pieces of information
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necessary for maintenance decision for the degraded batteries in
EVs.

For the battery management algorithms on the SOH estima-
tion and RUL prediction in EVs, it is significant to embed the key
algorithms into an on-board BMS. Herein, the proposed method
for SOH estimation consists of the MGM-based state equation,
MOGPR-based observation equation, and PF. Only the obser-
vation equation required offline training. Then, by combining
the offline MOGPR battery degradation model, MGM, and PF,
the framework for the SOH estimation can be also embedded
into a BMS. For the method for RUL, the modeling data are
from the SOH estimation, and the whole framework can be also
implemented online.
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VI. CONCLUSION

In this article, a model-data-fusion method for the SOH esti-
mation and RUL prediction is proposed. The major contributions
are summarized as follows. First, based on existing work, two
resistance-based ageing features from battery Thevenin model
are expanded to different temperatures. The underlying rela-
tionship between capacity degradation and ageing features, the
coupling relationship between two ageing features are evaluated
by the correlation analysis. Second, the MGM is employed
to construct a state equation for time update. The MOGPR is
used to construct an observation equation for observation update
based on the measurable ageing features. Then, a dynamic and
data-driven state-space representation is proposed to describe
the battery capacity degradation. Third, based on the state-space
representation, PF is introduced to build a model-data-fusion
framework for the SOH estimation and RUL prediction. Fourth,
the battery under various dynamic profiles and temperatures are
used to verify the proposed method. Owing to the closed-loop
control and dynamic model updating, the proposed method is
shown to be accurate and robust based on the results of SOH
estimation and RUL prediction.

To summarize, the proposed method has significant advan-
tages of high accuracy, strong robustness, and probabilistic
output. Besides, the model-data-fusion method has the potential
to be suitable for other batteries with different cathode mate-
rials when the degradation model is retrained according to the
objective batteries. In the future, we will try to optimize the
current degradation model to provide a more accurate and faster
SOH estimation and the RUL perdition using less computation
demanding. Moreover, intelligent resampling technology will be
paid more attention to improve the performance of PF. Also, the
hardware in the loop for real-time simulation in BMS is being
developed to verify the practicability of the method.
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