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Remaining Useful Life Prediction of Battery Using a
Novel Indicator and Framework With Fractional Grey
Model and Unscented Particle Filter

Lin Chen

Abstract—The lithium-ion battery plays a crucial role in the
power supply of the electric vehicles (EVs). Battery remaining
useful life (RUL) is critically vital to ensure the vehicles’ safety and
reliability. Due to the complicated aging mechanism, predicting
RUL for the battery management systems (BMSs) is challenging.
In this article, a novel degradation indicator was constructed using
the information extracted from the discharge voltage. The indicator
reflected the complete and effective energy information from the
voltage signals to reveal battery degradation characteristics. Ad-
ditionally, an innovative fractional grey model (FRGM) unscented
particle filter (UPF) framework was developed for RUL prediction
in this article. To improve the accuracy and traceability of predic-
tion, the framework adopted a novel FRGM to update the state
transition equation in UPF. Meanwhile, the UPF was employed to
extrapolate trends of the indicator and achieve the RUL prediction.
The performances of FRGM-UPF with the degradation indicator
were synthetically verified by the data from various types of batter-
ies under different aging tests. The experimental results indicated
that the proposed method could achieve precise prediction results
and had a wide range of practicability and universality. The de-
veloped technologies could be incorporated with the other control
algorithms for application in BMS of EVs.

Index Terms—Discharge voltage, wavelet packet energy entropy
(WPEE), fractional grey model (FGM), unscented particle filter
(UPF), remaining useful life (RUL).

NOMENCLATURE
RUL Remaining useful life.
EV Electric vehicle.
BMS Battery management system.
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PHM Prognostics and health management.
GM Grey model.

FRGM  Fractional grey model.

WPEE  Wavelet packet energy entropy.

PF Particle filter.

UPF Unscented particle filter.

UKF Unscented Kalman filter.

CcC Constant current.

cv Constant voltage.

NEDC  New European driving cycle.

UDDS  Urban dynamometer driving schedule.
JP1015  Japanese 1015 mode driving schedule.
AMPSO Adaptive mutation particle swarm optimizer.
PSP Prediction start point.

AE Absolute error.

EM-PF  Exponential model-particle Filter.

I. INTRODUCTION

QUIPPED with high energy density, high galvanic po-

tential and long lifetime, lithium-ion batteries have been
applied to many industrial areas as power sources [1]-[3]. Typ-
ically, lithium-ion batteries have become key components of
electric vehicles (EVs) and plug-in hybrid EVs. Nevertheless,
they endure continuous performance degradation throughout
their whole service life due to the inevitable side reactions.
Consequently, the prognostics and health management (PHM)
is essential to the battery system, which can reduce battery
operating risk and ensure battery reliability under current life-
cycle conditions [4]. Remaining useful life (RUL) prediction
is an important part for PHM, which refers to the available
service time left before the capacity fade reaches an unacceptable
level [5]. Reliable RUL prediction is of great significance for
scheduling repairs and maintenance in advance and providing
an alarm before faults reach critical levels [6], [7].

At present, the commonly used RUL prediction methods can
be roughly classified into model-based methods and data-driven
methods [8]. The model-based methods usually start with the
construction of the battery degradation models, then filtering
techniques are employed to track the degradation trend, for they
can not only track the system states, but also, deal with the
nonlinear non-Gaussian issue. For example, Goebel et al. [9]
built an impedance-based exponential model for battery and
applied the particle filter (PF) to track and update the model
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parameters. Then, the RUL is derived by extrapolating out the
capacity calculated by model parameters into the future until
it hits a predetermined end-of-life threshold. Nevertheless, the
standard PF may endure decrease in prediction accuracy due
to the ever-presence of particle weights degradation. To solve
this issue, Miao efr al. [10] proposed an unscented particle
filter (UPF) algorithm, which adopted the unscented Kalman
filter (UKF) results as the proposal distribution of PF. This
method was proved to be effective for tracking the parameters
of exponential capacity model and improving the accuracy of
the RUL prediction. Based on the same battery model, Zhang
et al. [11] predicted the battery RUL through a promoted UPF,
which effectively overcame the loss of particle diversity in UPF
via the linear optimizing combination resampling technique.
Lacking the description of battery degradation mechanisms,
these employed exponential models can hardly reflect the char-
acteristics of parameters evolution accurately. From the aspect of
improving battery degradation model, Lyu et al. [12] proposed
an electrochemical model to simulate the battery degradation
process, then an improved PF framework was utilized to estimate
the model parameters that are the characterization of battery
internal degradation. Guha et al. [13] presented a fractional-
order equivalent circuit model to estimate the electrochemical
impedance spectrum (EIS) of the battery. The estimated EIS was
used to establish a regression model to represent the degradation
trend and the regression model was combined with the PF
framework to predict RUL.

Unlike the model-based algorithms, the data-driven methods
take advantage of advanced machine learning algorithms to
achieve RUL prediction with available historic data, and they
are not dependent on models featuring degradation-dependent
parameters. Recently, the support vector machine (SVM) [14],
[15], relevance vector machine [16], and neural networks [17],
[18] have become the most common data-driven methods for
their good adaptability. Patti er al. [14] presented a multistage
SVM approach which employed a novel classification model
to provide a gross estimation for RUL, and then, the regres-
sion model of SVM was utilized to generate an accurate RUL
estimate. Wei ef al. [15] built an SVR-based battery capacity
degradation model to simulate the battery aging mechanism and
estimate the state-of-health and RUL. To reduce the computa-
tional complexity of the kernel function and improve the online
learning capability, Liu et al. [16] proposed an incremental
optimized RVM method, which implemented a flexible on-line
training strategy for RUL prediction. Zhang et al. [17] proposed
a long short-term memory (LSTM) recurrent neural network to
establish a capacity-oriented RUL predictor and then adopted the
Monte Carlo simulation to generate the probability distribution
of RUL prediction results. Similarly, Li er al. [18] presented a
novel hybrid Elman-LSTM method for battery RUL prediction.
They employed the recurrent LSTM and Elman neural networks
to predict the capacity sub-layers decomposed by the empirical
model decomposition. These data-driven methods usually re-
quire a large quantity of recorded data to predict the battery
degradation trend.

Most of the presented methods used capacity directly
as the indicator to quantify the battery degradation and to
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predict the RUL. However, it is difficult to monitor and mea-
sure the capacity data of batteries accurately under practical
dynamic conditions. In this regard, some directly measured
parameters of the battery have been utilized for RUL prediction
[19]. For instance, Lin et al. [20] analyzed the battery’s data
including the constant current charge time, the instantaneous
voltage drop and the open circuit voltage, then they used these
data as the input of probabilities neural network to achieve ca-
pacity estimation. Although these parameters could effectively
quantify the battery degradation, the amount of required data
is too large. To simplify the types and amount of data, some
scholars extracted or transformed these measured data as a
new type of degradation characterization. Zhou et al. [7] and
Liu et al. [21] quantified the capacity degradation for online
RUL prediction through the voltage falloff of equal time interval.
Hu et al. [6], [22] pointed out how to use the sample entropy
of short voltage sequence as an effective signature of capacity
loss. The existing methods usually solely analyze part of the
measurable data, which improves the operability but may result
in an incomplete description of the degradation information.
Nevertheless, these novel methods provided by the prior studies
have inspired new ideas and made great contributions to the RUL
prediction.

To enhance the accuracy and robustness of the RUL predic-
tion, more issues need to be solved. For instance, most measured
parameters are not able to characterize battery degradation di-
rectly, especially when the historical data are small in the initial
stages of prediction. Lithium-ion battery degradation exhibits
time-varying and nonlinear characteristics. Traditional degra-
dation models like exponential model are hard to completely
describe the degradation performances of battery under practical
circumstances. To find solutions for these issues, this article
proposed a novel RUL prediction method from two correspond-
ing perspectives. First, we extracted the wavelet packet energy
entropy (WPEE) of the discharge voltage data as a new indicator
for quantifying battery degradation. The indicator reflected the
complete and effective information entropy from the voltage
signals, which revealed battery degradation characteristics from
the view of information changes in energy. Second, a fractional
grey model (FRGM) was developed to simulate the evolution
trend of WPEE during the battery full-life cycle, so as to reflect
the complex degradation process of capacity. Without the ex-
ploration in internal degradation mechanism, the FRGM could
achieve the superiority of both simplicity and high precision
at dynamic conditions. Based on these main contributions, the
UPF was introduced to establish an FRGM-UPF framework by
reconstructing its state transition equation using the FRGM, and
then the WPEE was extrapolated by the framework to generate
RUL prediction. Moreover, experimental data sets from various
types of batteries under three aging test conditions were applied
to evaluate the performance of FRGM-UPF framework and to
verify its effectiveness and universality.

The remainder of this article is structured as follows. The
battery experiments are introduced in Section II. Section III
describes the novel method for RUL prediction in detail. The
RUL prediction with the proposed method is performed in
Section IV. Finally, Section V concludes this article.
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Fig. 1.  Physical experimental platform.

TABLE I
MAJOR EQUIPMENT PARAMETERS

Device name 1T6523D IT8511
Maximum 160 V + 0.2% full scale 120 V £ 0.05% full scale
voltage (V)

Maximum 6 4 4 6 904 fiyll scale 30 A+0.1% full scale
current (A)
Voltage +(0.05%+5mV) +(0.05%+0.02% full scale)

accuracy (V)

Current

£(0.1%+10mA) £(0.05%+0.05% full scale)

accuracy (A)

II. EXPERIMENTAL DESIGN
A. Experimental Platform

The experimental platform consists of an environmental
chamber (GDW-100L) for environment control, batteries, a
charger ITECH IT6523D), an electronic load ITECH IT8511),
and a computer for user-machine interface and data storage (see
Fig. 1). The environment chamber can provide an accuracy of
£0.5 °C over a full —40 °C to 150 °C temperature range. The
major parameters of the the charger and load are given in Table I.

The datasets of batteries include terminal voltage (V), load
current (A), discharge capacity (Ah), and temperature (°C),
which are collected and recorded during charge and discharge.
The data acquisition frequency is 1 Hz, and the recorded data
are transmitted to the control computer via a USB cable.

B. Battery Tests

Two types of data sets were studied in this article. The specific
parameters of batteries were given in Table II.

1) One dataset was obtained from the data repository of the
NASA Ames Prognostics Center of Excellence, the tested
batteries were lithium-nickel-cobalt-aluminum 18650-
size batteries [23]. The samples BO6 and BO7 were tested
at room temperature. Charge was carried out in a constant
current (CC) mode at 1.5 A until the voltage reached 4.2 V.
The battery continued in a constant voltage (CV) mode
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TABLE II
MAIN SPECIFICATIONS OF THE LITHIUM-ION BATTERIES

Nominal Charge Discharge Capacity
No. capacity cut-off cut-off failure
(Ah) voltage voltage threshold
4% ™ (Ah)
B06 2 4.2 2.50 1.40
B07 2 4.2 2.20 1.42
P01 33 42 2.50 2.76
S17/S42/S43 2.6 4.2 2.75 2.08

)

s
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%_g _________________________ ] I NEDC dynamic condition test I
€ I
o & I CC-CV charge | i
) 0 !
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1 T I

2
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Capacity fade 2 20%

Fig.2 Battery test schedule for S42 and S43.

until the charge current dropped to 20 mA. Discharge was
undertaken in a CC mode at 2 A until the battery voltage
fell to 2.5 and 2.2 V, respectively. The battery was charged
and discharged repeatedly until it reached the end-of-life
with a 30% fade of rated capacity.

2) Another dataset was from the experimental platform, as
shown in Fig. 1. Two types of 18650 Li-ion cells were
selected for dynamic current tests. The batteries included
lithium cobalt oxide batteries (S17, S42, and S43) and
lithium-nickel-manganese-cobalt battery (PO1).

These four batteries were divided into two groups based on
different aging tests and were tested separately. In each group
of aging tests, batteries were placed in a chamber and they
were tested independently. For the battery S17 and PO1, the
characteristic cycle was composed of a capacity test and a new
European driving cycle (NEDC) test at 25 °C. Their aging tests
were repeated using a CC—CV charge and a 5.2 A discharge.
These tests were executed until their capacities declined to
the capacity failure threshold. Another aging test (see Fig. 2)
was designed for S42 and S43, and the test cycle primarily
covered the characteristic test and the aging cycle test. The
characteristic test was carried out at 25 °C, which included the
capacity test, NEDC test, urban dynamometer driving schedule
(UDDS) test and Japanese 1015 mode driving schedule (JP1015)
test. The aging cycle test was performed at 45 °C, and it was
repeated three times for each cycle. The mode of charge and
discharge was composed of a constant current, a constant voltage
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TABLE III
COMPARISONS OF DIFFERENT BATTERY TESTS

Characteristic test Aging test
Battery
No. Loading Ambient Loading Ambient
profile temperature profile temperature
CC-CV charge/ o
B06/B07 \ \ 2A discharge 24°C
Capacity test/ o CC-CV charge/ o
PO1/S17 NEDC 23°C 5.2A discharge C
Capacity test/ CC-CV charge/
S42/S43 NEDC/UDDS/ 25°C mixed dynamic 45°C
JP1015 current discharge

(CC-CV) charge, and a mixed dynamic current discharge (in-
cluding NEDC, UDDS, and JP1015). The comparisons of three
different battery tests are given in Table III.

IIT. METHODOLOGY
A. Wavelet Packet Energy Entropy

Commonly, for a new lithium-ion battery, the operating
time (discharge time period) is maximal after a full charge at
the very beginning. The operating time after subsequent full
charge becomes shorter and shorter due to the charge and dis-
charge process [7]. This is because the maximum charge capacity
fades with the cyclic charge and discharge. During the discharge
period, it is normal that as the battery fades, the measurable volt-
age response alters accordingly under the same excitation [6].

Owing to the complexity and fluctuation of the alteration,
the WPEE method was proposed to capture the alterations of
the discharge voltage response to battery fades. The theory
of WPEE is the combination of wavelet packet decomposi-
tion [24], [25] and information entropy theory [26]. Wavelet
packet decomposition is a signal decomposition method, which
was able to eliminate the interference of uncorrelated noise by
simultaneously decomposing and reconstructing the high and
low-frequency parts of the signal. Wavelet packet decomposi-
tion can reflect the complete and effective energy information.
Information entropy is the quantity that describes the state of
energy degradation of a substance. In this article, information
entropy was used to measure the uncertainty and energy changes
of the signals. The WPEE revealed the degradation trends of the
battery through extracting information from discharge voltage.
The Box-Cox nonlinear transformation was adopted to obtain
the failure threshold value of WPEE for RUL prediction.

1) Specific Process of WPEE Extraction: According to the
Shannon information entropy theory [26], the WPEE is defined
as follows:

jh - E Ejh

where H jj, is the jth layer of the signal and the hith WPEE; the
value of h ranges in [0,27 — 1]; N is the original signal length;
e;n (1) represents the normalized wavelet coefficients on the /th

i) lgejn () (D
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band of the j-layer [27] and is defined as
. E(i
gjn (i) = # ()

> E()
i=1

where E; is the energy spectrum of the signal at various scales.
It denotes a division of the signal energy in the scale domain.

The discharge voltage signal is decomposed by the j-layer
wavelet decomposition to get the ith WPEE of the jth layer
[24], [25]

€jh = E :5Jh

The WPEE of the kth cycle is expressed as eyo1 (k)

27 -1

k‘) = Z ejh. (4)
h=0

To enable that the acquired WPEE values be compared or
analyzed at the same level, a data normalization processing is
performed on the extracted WPEE of each discharge cycle

evol(k) - 1H11n {evol (7’)}

{Iiafl{evol (i)} — fglgl{evol i)}

i) lgejn (i) - 3)

€vol (

Byl (k) = )

where k = 1,2,3...[; the WPEE series can be expressed as:
Eyol = {Ev01(1)7 Evol(l); ceey Evol(l)}-

2) Exploration of the Failure Threshold of WPEE: Accord-
ing to the original Box-Cox transformation formula [28], a linear
model is constructed as (6). The battery capacity C'is conversion
variable and the normalized WPEE E|, is the independent
variable

C(A)=Bo+ 1B +n =XBp+n
n~ N(Ou 02)7 X = [17 Evol]a B: [507ﬂ1]T (6)

where C'(1) represents the capacity after transformation; p is the
regression sample parameter; 7 is the random error following the
principle of normal distribution; and o is the root mean square
error. Where A can be obtained by the maximum likelihood
estimation; p and o2 can be obtained by the least squares
method [29].

With the parameters of X, B, and o2, the failure threshold of
capacity is obtained after transformation C (%)

Cho1
Or(3) = {b; o
Ultimately, the failure threshold of WPEE E,(t) can be
determined and calculated by
Cr(A) = Bo + B1Ever + & = X7p+ 17 ®)
where X7 = [1, Eyor(t)].

AAO

7
A=0. @

B. Establishment of the FRGM

To predict the RUL rapidly and accurately over the lifetime
of a battery, in this article, the grey system theory is applied
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since it requires less data and it is independent of the accuracy
of the model’s parameters [30]. The FRGM is built, based on
the GM(1, 1), which is one of the most efficient grey models
[31]. To better track battery degradation, the adaptive mutation
particle swarm optimizer (AMPSO) [32] is adopted to update
the model parameter at different prediction start points (PSPs)
of the FRGM. The modeling procedures of FRGM are described
as follows.

Evol = [E‘(,g%( 1), Eig%( 2),. E‘(,g% (k)] is the historical array
sequence, and the r-order cumulatlve generation sequence of
historical array sequence is expressed as

Bu = |BS(1), ES) @), ... BG) (k) ©)
where
k
(=S LUFR=D) po N
B (h —ZF STy A =123k

i=1

(10)
where I'(-) is the gamma function and the second integral
of Euler. r is the fractional order. The whitening differential
equation is given by

AByqy (k) | ro

dt Evol (k) =b (11)
where the AMPSO is used to optimize r; a is the development
coefficient, representing the development trend of historical
sequence; and b is a constant coefficient indicating the influence
of the external impact on the development of an event. To obtain
the essential parameter, the sequence of parameters ¢ = [a, b]”
is calculated as follows:

a= (BT xB) xBT xYg (12)
where
—0.5x (ES) () + BEQ (1) 1
—0.5 x (E) (3) + ET) (2 1
B ( Vol(. ) (2)) ! 13
—05x (BY) (k) + ET) (k—1)) 1
vol vol
and
0 0 © 1]
Yo=[EQ@EQ®) - EQw] . as

According to (9), the forecasting value of the whitening
differential equation is acquired as follows:

s)

b b
T 0 —a
EQ U+ = (BQ )~ 2) xeh s 2
To calculate the forecasting values of Evol (k + 1), the inverse
accumulated generating operation is used
lr (=7)
EQk+1) = [ ™k + 1)}

vol vol

L(r+1) £
L(i+D)I(r—i+1) Bl

(16)

(k+1—1).
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Fig. 3. FRGM-UPF framework for RUL prediction.

Therefore, for this study the battery degradation model is
expressed as

Evol(k + 1) = (1 + A/B)(Evol(k?)
— Cb/a)exp(—a) + Cb/a+ Ab/a  (17)
where A, B, and C are model coefficients
_ L(r+1)
A= (_1)kF(z+1)F(r i+1)
B = = 1) T'(r+1) k .
= ,70(_ ) rernre oy exp(—alk — 1) (18)
k—1
7 I'(r+1
¢=2 (-1 T

C. FRGM-UPF With WPEE for RUL Prediction

PF is a general algorithm based on the recursive Bayesian es-
timation, focusing on a general situation of nonlinear state-space
model and non-Gaussian noise assumption. UPF is established
on the theories of PF and UKF algorithms. To obtain the posterior
probability of the latest observation, the UKF algorithm was first
applied to generate a proposal distribution. The PF algorithm
was used to get the prediction results. The method proposed in
this article adopted the FRGM to construct the state transition
equation of UPF. The framework of proposed FRGM-UPF is
shown in Fig. 3.

The specific implementation processes for battery RUL pre-
diction are as follows.

Step 1: Extracting the WPEE from battery discharge
voltage Evol = [Evol(1), Evol(2), ..., Evol(k)].
With the historical WPEE, the development coeffi-
cient a, constant coefficient b and optimization order
r can be calculated. The state transition equation
of UPF is developed based on the (17) exhibiting

Step 2:
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as follows:

Eyol (k + 1) = (1 + A/B)(Evol (k) - C’b/a)exp(fa)
+Cb/a+ Abja + wy,
Yi = Eyor (k) + v
19)
where Eyo(k + 1) denotes the WPEE estimated at
the cycle k + 1 and the y; denotes the WPEE mea-
sured at cycle k; vy is the process noise; and wy,
indicates the measurement noise.
Step 3: FRGM-UPF for RUL prediction

1) Initialize PF: K = 0 and set the initial weights to
wi=1/N,i=1,2,...,N.

2) Use the UKF algorithm to get the proposal distri-
bution. Take the UKF steps and get E?  (k + 1)
and pj ;.

3) Take the PF steps to get the final particles and
weights. The state and its covariance can be cal-

culated by:

N . .

Beot (k+1) = > @1 Bl (k+1) (20)
i=1
N . .

Pt = Y thgr (Bl (k+1) = By (k+1))
i=1
, . T

X ( \Z/ol (k + 1) - Evol (k + 1)) (2])

4) Estimate the posterior PDF of RUL at the cycle
k+1

N
p(RUL|y1541) & Y wiy10 (RULgy1 —RULL,, ). (22)

=1

The expectation of RUL is approximated by

N
RULj41 = Y RUL} wh - (23)
i=1
The RUL is the RUL before the WPEE hits the pre-defined
performance threshold.

IV. RESULTS AND DISCUSSION

In the current research, the novel battery indicator (WPEE)
extracted from discharge voltage was employed to characterize
the battery degradation. The FRGM-UPF framework was used
to predict the battery RUL. In this section, the authors analyzed
the effectiveness of WPEE and verified the accuracy of FRGM.
Additionally, the RUL prediction method (FRGM-UPF) was
confirmed with different batteries and various PSPs, such as
1/3, 1/2, and 2/3 of the full life cycle.

A. Analyses of FRGM Applied to WPEE Prediction

The degradation trends of capacity and WPEE for different
batteries are displayed in Fig. 4. The WPEE shows a roughly
linear upward trend, which is negatively associated with
the degradation curve of battery capacity. The degradation
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Fig. 4. Battery capacity and extracted WPEE.

trajectories of batteries show strongly nonlinear due to the
discontinuity of aging tests, and the degradation level of batteries
have some partial rebounds. The intuitive manifestation of this
phenomenon is the capacity regeneration, which can be directly
observed in Fig. 4(a) and (b) and (e) and (f). In this case, the
discharge voltage waveform of each cycle will change with
the fluctuation of the battery degradation level. Consequently,
the frequency band energy contained in the voltage waveform
will fluctuate to varying degrees in both numerical value and
distribution pattern, which is reflected in the WPEE and makes
it show an upward trend with some fluctuations. For example,
the capacities of BO6 and BO7 fluctuates are more frequently
than the other batteries, therefore, the corresponding WPEE
fluctuates more frequently than the other batteries do, as shown
in Fig. 4(a) and (b). Additionally, POl and S17 are tested at the
same profiles and experimental conditions, but their capacity
and WPEE trajectories are distinctly diverse since they are
different on components and specification parameters. For
batteries S42 and S43, it shows the similar capacity and WPEE
trends under the same experimental conditions.

WPEE are linearly related to the capacity under different ag-
ing tests, and the WPEE increases with the decrease of capacities
for the life cycles. Their expressions of linear fitting are shown
in Fig. 5. For different aging tests or different type of batteries,
the absolute values of the slope of linear fitting are obviously
different. For the same type of batteries (such as S42 and S43),
the batteries were tested under the same conditions. The absolute
values of their slopes are similar, and the difference is only
0.046544 [see Fig. 5(c)]. However, the same type of batteries
(such as S17 and S42) under different aging tests, the slope
values of the two lines are fairly different, as shown in Fig. 5(b)
and (c). In Fig. 5(b), it can be seen that the intercept and the
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slopes of two fitting lines are obviously disparate for different
types of batteries (P01 and S17) under the same test conditions.

To validate the correlation between WPEE and capacity,
the quantitative assessments are performed by Pearson (r) and
Spearman (r) correlation coefficients is given in Table IV. Pear-
son correlation coefficient is used as a quantitative validation of
the linear relationship. The value of r is between [—1, 1], and a
greater absolute value of r indicates there is a better linear rela-
tionship between WPEE and capacity. Additionally, Spearman
correlation coefficient is a nonparametric way to assess the strict
monotonic relationship between WPEE and capacity. Similarly,
the value of rg is between [—1, 1], and greater absolute value
of rs means stricter monotonic relationship. Since the r and 7
of all the batteries under different aging tests are above 0.93, it
indicates that that WPEE and capacity are strongly correlated. As
aresult, the WPEE values of discharge voltage can characterize
the real-time degradation process of batteries effectively, similar
as the capacity can quantify the actual battery degradation.

The accuracy of this model needs to be verified before using
FRGM as the UPF state space equation to perform the battery
RUL prediction. The historical WPEE values (different PSPs)
are used for initialization of FRGM, and the FRGM method is

applied to predict the WPEE shown in Fig. 6. The prediction
results basically coincide with the actual values, indicating
the FRGM can precisely predict the WPEE. However, some
prediction results still have large errors. Take BO6 and S42
for example, when the starting point of the model at 1/3 full
life cycle, the predicted values are significantly different from
the actual values. The FRGM is difficult to accurately predict
the WPEE. Nevertheless, when using more data, the prediction
results became more accurate. The root of the mean square
(RMSE) and goodness of fit (R2) are applied to further evaluate
the performance of the prediction of FRGM (see Table V).
The overall R? values are between 0.881 and 0.967, indicating
adequate statistical fit. The RMSE values are between 0.028
and 0.106, exhibiting high precision of the prediction results.
Both criteria indicate that the FRGM has a high modeling
accuracy. Evidently, these analyses illustrate the FRGM perform
superiorly in prediction. Because the WPEE is used to represent
the actual battery degradation, the battery degradation trend can
be effectively predicted by FRGM.

B. RUL Prediction With FRGM-UPF

In this section, the RUL prediction is carried out to validate
the effectiveness of the FRGM-UPF framework with WPEE.
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TABLE VI
RUL PREDICTION RESULTS OF BO6 COMPARED WITH FRGM-PF WITH
WPEE AND [33]

Algorithm Time PSP RUL ROL  AE
complexity

FRGM.UPE 3 60 48 54 6
with WPEE 0 (n) 80 28 25 3
100 8 7 1
FRGM.PF 60 48 56 8
with WPEE 0 (n) 80 28 22 6
100 8 10 2
A 60 48 57 9

EM-PF with 0 (n?) 80 28 18 10
capacity [29] 100 ] 5 3

The prediction results of B06 using FRGM-UPF with WPEE
proposed in this article are compared with the other two methods,
including the EM-PF [33] and the FRGM-PF algorithm (the
combination of our FRGM and the PF from [33]). The results
are displayed in Table VI. The absolute error (AE) is used as
an evaluation criterion to assess the accuracy of the prediction
results quantitatively. The AE was calculated by

AE = |RUL — RUL|

where RUL is the actual RUL value and RUL is the predicted
RUL value.

The RUL prediction results indicate that the proposed FRGM-
UPF with WPEE has better RUL prediction accuracy than the
other two methods, and the contrastive FRGM-PF show superi-
ority over the EM-PF. Unlike the fluctuant errors of EM-PF with
capacity, the prediction errors of FRGM-UPF with WPEE and
FRGM-PF with WPEE are obviously decreased as the historical
data increase, the AE of FRGM-UPF and FRGM-PF achieve,
respectively, 1 and 2 cycles when the PSP is 100. The prediction
results of FRGM-UPF are superior to the FRGM-PF at all
PSPs. In terms of computational complexity, the maximum time
complexity of FRGM-UPF is O (n®) (n is the number of input
data), while that of traditional EM-PF is O (n?), which means that
the FRGM-UPF algorithm needs an additional computational
process for input data, and its running time is longer. But the
synergy of FRGM-UPF and WPEE performs much better in
accuracy and convergence than EM-PF, the extra computing time
brought by the algorithm is acceptable.

To further verify the effectiveness and universality of pro-
posed FRGM-UPF with WPEE, RUL prediction results of six
batteries at different PSPs are shown in Fig. 7. The AE is
used for the quantitative assessment of prediction accuracy (see
Table VII).

For the prediction of BO6 and BO7 at CC aging tests Fig. 7(a)
and (b), in general, the prediction trajectories are satisfactory
except the result of BO6 at the PSP of 60. This outlier trajectory
has deviated significantly from the true value, and the AE is
six cycles. The AEs of the most prediction results are no more
than five cycles. Similar to [7] and [33], at the beginning of the
prediction, the models are initialized by a few training data and
the AE was relatively large. With the growth of the cycles, the
prediction accuracy became significantly better. These results
indicate that the prediction accuracy is highly dependent on the
amount of data. However, the FRGM have the ability of mining
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Fig. 7. RUL prediction results based on FRGM-UPF with WPEE for six

batteries at different PSPs.

TABLE VII
RUL PREDICTION RESULTS BASED ON FRGM-UPF AT DIFFERENT PSPS

No. PSP RUL RUL AE
BO7 60 99 105 6
80 79 74 5
100 59 57 2
POI 63 88 82 6
83 68 75 7
103 48 52 4
S17 74 129 124 5
114 89 85 4
154 49 46 3
S42 64 112 120 8
94 82 76 6
124 52 48 4
S43 64 108 99 9
94 78 72 6
124 48 53 5

underlying data, and this advantage is able to effectively improve
the historical data utilization. Overall, with the increase of PSP,
the AE of FRGM-UPF decreases significantly. For instance,
when the PSP equals to 100, the AEs of BO6 and B0O7 are only
1 and 2 cycles, respectively.

For the prediction of PO1 and S17 [see Fig. 7(c) and (d)], the
results are relatively stable. There is no obvious discrimination
between the predicted trajectory and the true value. The average
values of AE for PO1 and S17 are 6 and 4, respectively. However,
for the results of S42 and S43 [see Fig. 7(e) and (f)], the
prediction errors are relatively large. The maximum of AE is
no more than 10. The discharge of dynamic current enables
the discharge voltage to undulate more frequently, because the
aging tests (see Fig. 2) contains complex discharge schedules.
Likewise, the corresponding WPEE trajectories (see Fig. 4)
display instable changing trend with fluctuations. Nevertheless,
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due to the accumulated generating operation of FRGM, the
randomness of the original WPEE data is weak and more deep
characteristics are adopted to track the trends. Combining with
the nonlinear filtering characteristics of UPF algorithm, the
RUL prediction errors are controlled within ten cycles. Overall,
prediction trajectories are highly consistent with the true values
for various types of batteries under different conditions.

V. CONCLUSION

In this article, a synergy of the unique degradation indicator
with an FRGM-UPF framework for RUL prediction has been
explored. First of all, the WPEE captured the alteration of the
discharge voltage to display the batteries’ degradation. Second,
a degradation model using FRGM for the WPEE was proposed
to evaluate the degradation process as battery undertakes the
charge/discharge cycles at various conditions. It has been proved
that the model was efficient in fitting and prediction. Finally, the
FRGM was employed to update the state transition equation in
UPF and to establish an FRGM-UPF framework for RUL pre-
diction. The experimental data from different types of batteries
were adopted to verify the validity of method proposed by this
study. The RUL prediction results indicate that the FRGM-UPF
framework with WPEE has prominent performance with high
accuracy and strong robustness for different batteries at complex
aging conditions. The absolute errors are no more than ten
cycles. The practicability and universality of the FRGM-UPF
with WPEE for RUL prediction is precisely verified.

The developed technologies have practical implications to
broaden the horizons of the battery management systems in the
RUL prediction. Current work has proved that the WPEE of a
complete discharge voltage curve can be used to characterize the
degradation of batteries, but the voltage of batteries shows differ-
ent trends at different discharge stages. Therefore, we will divide
the discharge voltage curve of batteries into several intervals and
extract the WPEE, respectively, from them to further explore
the detailed degradation information in the following study. In
addition, more information theory related knowledge will be
applied to the processing of battery discharge voltage signal,
aiming at providing a new way to find effective alternatives to
the capacity for determination of the battery degradation state.
But at the same time, the introduction of new algorithms will
sometimes increase the computational burden. In future work,
we will also take the optimization of algorithm complexity as
an important research direction.
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