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Abstract: Accurate prediction of remaining useful life (RUL) is crucial to the safety and reliability of
the lithium-ion battery management system (BMS). However, the performance of a lithium-ion battery
deteriorates nonlinearly and is heavily affected by capacity-regeneration phenomena during practical
usage, which makes battery RUL prediction challenging. In this paper, a rest-time-based regeneration-
phenomena-detection module is proposed and incorporated into the Coulombic efficiency-based
degradation model. The model is estimated with the particle filter method to deal with the nonlinear
uncertainty during the degradation and regeneration process. The discrete regeneration-detection
results should be reflected by the model state instead of the model parameters during the particle
filter-estimation process. To decouple the model state and model parameters during the estimation
process, a dual-particle filtering estimation framework is proposed to update the model parameters
and model state, respectively. A kernel smoothing method is adopted to further smooth the evolution
of the model parameters, and the regeneration effects are imposed on the model states during the
updating. Our proposed model and the dual-estimation framework were verified with the NASA
battery datasets. The experimental results demonstrate that our proposed method is capable of

modeling capacity-regeneration phenomena and provides a good RUL-prediction performance for
check for

updates lithium-ion batteries.
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Degradation and Regeneration.
Energies 2024, 17, 1679. https://
doi.org/10.3390/en17071679 1. Introduction

The successful applications of lithium-ion batteries in portable electronics, medical
devices, electric vehicles, and space systems have stimulated lithium-ion batteries being
the primary energy storage devices in more and more areas. The market for lithium-
ion batteries has expanded dramatically over the past few decades due to their high
energy/power density, low self-discharge, and environmental friendliness [1-4]. The
monitoring and prognostics of lithium-ion batteries play a critical role in guaranteeing their

safe and reliable usage. The state of health (SOH) is one of the key indicators to quantify
the health state of a working battery when contrasted with its initial capability, and the
remaining useful life (RUL) is extracted according to the SOH. The performance of the active
material and electrolytes inside the battery reflects the battery health, and the deterioration
This article is an open access article  Of the performance will lead to the degradation of the battery’s internal health state [5]. Fast
distributed under the terms and  identification of the SOH is critical for working batteries to avoid unexpected failures. A
conditions of the Creative Commons  I€liable estimation of the SOH or RUL is helpful for early warning in case of battery failure,
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creativecommons.org/licenses /by / advance when the battery SOH is understood well. However, accurate prediction of the
40/). RUL is challenging, which involves nonlinear degradation and regeneration phenomena.
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In this paper, we focus on modeling the battery degradation and regeneration phenomena
for RUL prediction.

2. Related Work
2.1. Battery Degradation

Battery degradation is the process by which battery performance gradually deterio-
rates until the battery fails to provide enough power for electric systems. The degradation
process is very complicated, and the health indicator (HI) is usually employed to charac-
terize this degradation process for simplicity. The RUL is defined as the remaining cycles
before the HI deteriorates to an unacceptable threshold. As the lithium-ion battery ages, the
impedance will increase, and the fully charged capacity in each cycle will fade. Thus, the HI
can be described by the impedance or capacity [6]. Some studies [7,8] regard the impedance
as the HI. However, the measurement of the impedance often requires electrochemical
impedance spectroscopy (EIS) measurements to collect complex impedance spectra, which
is unavailable for an onboard implementation due to the sophisticated instrumentation
and low efficiency in the measurement [6]. The most popular HI is the capacity, which is
adopted by many studies [9-11]. This paper focuses on modeling the capacity depletion to
predict the RUL of lithium-ion batteries.

The prognostics model for RUL prediction can be roughly classified into three cat-
egories (i.e., the mechanism model or physics-of-failure model, empirical model, and
data-driven model). The physics-of-failure model [12] aims to model the capacity depletion
by capturing the electrochemical process. The electrochemical process is very complicated
and modeled by many mathematical equations, like partial differential equations, with
many unknown parameters. Although the mechanism model has the potential to be ac-
curate, the heavy computation for model identification is inappropriate for online RUL
prediction [9].

Another popular model for RUL prediction is the data-driven model. Numerous
data-driven models, for example naive Bayes [9], artificial neural networks [6,13], the
Gaussian process regression model [8,14], and their combinations [15], have been utilized
in the prognostics and health management of lithium-ion batteries. The data-driven model
regards the battery aging process as a black box and does not require domain knowledge.
The only requirements are the historical HI data or operating parameters during the
battery’s degradation. The prognostics performance is highly dependent on the quality
and the quantity of the data. However, the battery degradation data collected in the
electrochemical degradation process are non-static and non-stationary, which makes it
difficult for the data-driven model to predict.

A new trend is to fuse the data-driven model with the battery degradation properties.
Ref. [16] proposed a nonlinear autoregressive (AR) model based on the analysis of the
battery degradation process. The nonlinear AR model can be regarded as an empirical
model, which is suggested by the properties of the HI data. Current studies for RUL
prediction mainly focus on developing computationally efficient real-time methods, and
the empirical model has been received increasing attention for RUL prediction. In contrast
to the mechanism model, empirical models are concise, and the model parameters are
adaptable to compensate for the model’s simplicity [10,17]. In addition, empirical models
incorporate the battery degradation characteristics and relax the strict constraints on the
data requirements as assumed in data-driven models. The filtering methods, such as the
extended Kalman filter (EKF) [18] and the particle filter (PF) [10,19] are utilized to update
the model parameters. The model-based filtering method incorporates the characteristics
of both the battery degradation process and the Bayesian inference methods to deal with
uncertainties, which is more efficient and accurate for the real-time prognostics of lithium-
ion battery systems [20].
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2.2. Regeneration Phenomenon

Accelerated aging experiments for lithium-ion batteries have inevitably introduced
some inconsistent conditions among the repeated charge/discharge cycles. For example,
the period between the end of the previous fully discharged process and the beginning
of the next charge process may be different. We regard the period when the battery is
not being charged or discharged as the rest time, which widely exists in the practical
usage of batteries. The regeneration phenomenon happens when the period between two
adjacent charge/discharge cycles is long enough [21]. As shown in Figure 1, the capacity
suffers sudden increases in some cycles. In practice, the rest status takes up a large amount
of the battery life, and the increase in capacity can prolong its service life. It would be
an enormous waste to replace the battery early due to the failure consideration of the
regeneration phenomenon.

Capacity (Ah)

L L I L L
0 20 40 60 80 100 120 140 160 180

L c L

Cycle

Figure 1. The degradation and regeneration phenomena of a lithium-ion battery. For example, the
red arrow from bottom to top depicts one of the regeneration phenomena during the battery life cycle,
and the blue arrow from left top to right bottom depicts the degradation phenomena.

The regeneration phenomenon has been considered to be a self-recharge process
and approximated with an exponential function [19,22]. Combined with the Coulombic
efficiency as an adaptive parameter, the next charge/discharge cycle of capacity can be
denoted by Equation (1).

Cit1 = 1cCr + Brexp(—B2/ Aty), 1)

where the fully charged capacity at the kth cycle is denoted as Ci, Aty is the rest time,
#c is the Coulombic efficiency, and f; and By are model parameters to be estimated.
The exponential model can slightly improve the RUL prediction performance during
the regeneration and has been used by some studies [23,24] to cope with regeneration
phenomena. However, this model regards the regeneration phenomenon happening in
every cycle without any detection. Therefore, some researchers [25,26] propose detection
modules to detect the capacity-regeneration phenomena. The detection results, as shown
in Equation (2), can be incorporated into the state space model, as shown in Equations (3)
and (4).
0, if no self-charge;
1, if either self-charge is detected at cycle k,
U = or self-recharge phenomenon is fading; (2)
2, if additional self-recharge phenomena
are detected before the least one fades.

State transition model:

{ X1 g1 = M X1 g+ Wr s 3)
Xp k41 = @2Xpk + BUg + wy k.
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Measurement model:
Yk = X1+ Xok + Vg, 4)

where x; ; and x; ; represent the hidden states in cycle k, yx denotes the observed measure-
ments, a1, », and B are the model parameters, and wj x, wy k, and vy are the process noise.
However, the self-recharge and capacity regeneration are different [27]. Self-recharge may
happen within several minutes of rest time while the capacity-regeneration phenomenon
requires several hours of rest and is not sensitive to a short rest time [21]. The magnitude
of the regenerated capacity has been modeled with the hyperbolic tangent function by
incorporating the rest time, and the regeneration phenomenon is determined according to
the difference between two adjacent cycles of the SOH. Equations (5) and (6) describe the
detection rule for the regeneration phenomenon.

DH(k) = H(k+1) — H(k). )

{1, DH(k)<Th,
r(k) = { —1, DH(k) > Th, ©)

where H(k + 1) and H(k) represent the SOH in cycles k + 1 and k, respectively. DH (k)
denotes the difference of the SOH between cycle k + 1 and cycle k; Th is a specified threshold
to determine whether regeneration happens or not; r(k) = —1 means the regeneration
happens, and 7(k) = 1 means the opposite.

The detection methods avoid modeling the regeneration phenomenon at every cycle
and capture the regeneration effects when they are detected, which is sensible compared
to Saha’s model [19]. However, these detection methods cannot detect the regeneration
phenomena in a multi-step ahead manner and are unsuitable for the prediction of the RUL.
Some recent works like [28] utilize wavelet decomposition technology to identify the future
capacity regeneration module. The work in [29,30] adopted the Mann-Whitney U test (PF-
U) and Wilcoxon rank sum test, respectively, to detect the future capacity regeneration point
(CRP) accordingly to the historical data. These works are purely based on the historical
data and ignore the inconsistent data distribution of the training stage and the prediction
stage during the accelerated aging experiments. As previously mentioned, the regeneration
phenomena are largely due to the rest of the time during the aging experiments. Some other
works [31] decouple capacity regeneration based on the rest time from global degradation.
The capacity-regeneration region is modeled by an exponential function, and the global
degradation is modeled by a hybrid model with both the relevance vector machine and gray
model. Another work [22], also based on the future rest time conditions for the regeneration
phenomena’s identification, proposed a two-term exponential model for both the global
degradation and local capacity regeneration for RUL prediction. In this work, we follow
the rest time conditions for the regeneration identification and incorporate the regeneration
effects into the Coulombic efficiency-based degradation model for RUL prediction, which
is straightforward, robust, and flexible for the dynamic degradation.

3. Model Development, Identification, and Prediction

Identifying the capacity regeneration and estimating it properly are critical to an
accurate RUL prediction. We propose an explainable, accurate, and straightforward model
based on the aforementioned models [19,25,26]. In order to cope with data uncertainties
and improve the adaptability of our proposed model, the Bayesian Monte Carlo simulation
method is used for model identification. The dual estimation and kernel smoothing are also
incorporated. With the identified model and the expected regeneration-detection results,
we can implement the multi-step-ahead prediction for the RUL.

3.1. Proposed Model

Instead of the fixed Coulombic efficiency (CE) in Saha’s model [19], we are convinced
by Refs. [32,33] that the CE would evolve during the battery degradation process. Thus,
we adapted the CE during the model identification. The proposed model consists of two
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components, as shown in Equation (7). The first term is the same as the first term of Saha’s
model with a slightly different CE that can be adapted during the identification process.
The second term is replaced with a regeneration-detection module, which allows for multi-
step-ahead detection with the expected condition of rest time. The proposed model can be
regarded as an auto-regressive model with an additional term. Whenever the regeneration
happens, the capacity will increase not only in the current cycle, but also in the following
cycles. The regeneration magnitude is assumed to be a constant in the beginning and can
be learned during the model identification. In future cycles, the regeneration effects will
decay gradually.

Cry1 = aCy + BUx 1, 7)

where Cj denotes the kth cycle of the charge capacity; U is the detected regeneration
results; « and f are the parameters of the model, and both have physical meanings; «
represents the CE without interfering with the regeneration phenomena; 8 indicates the
magnitude of capacity regeneration. We have presented the structure of our model in
Equation (7) so far. In Appendix A, we prove that the structure of our model when ignoring
the regeneration-detection part is equivalent to Olivares’s model [25]. However, our model
only has one state and two model parameters, which is less complicated than the two
states and three model parameters in Olivares’s model. Inspired by the strong relationship
between the regeneration phenomenon and rest time [19,21,27], we identified the capacity
regeneration according to the rest time. If the rest time is longer than a rated threshold, the
regeneration phenomenon will be regarded as significant in the following cycles. On the
condition of future steps’ rest time, we can detect the regeneration phenomena in advance.
The detection rule is described by Equation (8).

[0, ifdtk+1) <O,
Uer = { 1, ifot(k+1) >0, ®)

where 6t (k + 1) is the rest time between cycle k + 1 and cycle k, as shown in Equation (9),
O is the rated threshold, which indicates how long a rest period is to lead to an apparent
regeneration phenomenon, and © is a super-parameter.

St(k+1)=T(k+1)—T(k),k=1,2,3,- -, )

where T(k + 1) and T(k) are the chronological time when a battery finishes the (k + 1)th
and the kth cycle of charge and discharge, respectively.

3.2. Particle Filtering Method

The battery degradation process is a non-static, non-stationary, and nonlinear dynamic
process. To capture these properties, we incorporated the particle filtering (PF) method
to cope with the uncertainties in the non-stationary aging process. The PF method [34,35]
reformulates the model under the Bayesian framework and utilizes a set of particles associ-
ated with weights to approximate the state probability density function (pdf). Particles are
sampled from a prior estimation of the state pdf and propagated through the modeling
process. The important weights of these particles are recursively updated by available
measurement observations (capacity, in our case). However, the variance of these weights
increases stochastically over time, which ends up with a few particles dominating the
approximation of the state pdf and ignoring other particles [36]. This degeneracy phe-
nomenon prevents the particle filter from being useful until the resampling stage has been
included [34]. Model parameters can be assumed as another kind of state to be tracked. In
order to use the PF framework, the state transition model and measurement model must be
derived first. In our case, Equation (10) denotes the transition model of the parameters.

Apy1 = & + €, €0 ~ N(0,02), (10)
Br1 = B +ep,ep ~ N(0,0%).
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We can reformulate our proposed model for the state transition model as Equation (11).
Cri1 = a1 Ci + Prralir +ec,ec ~ N(0,02). (11)

The capacity can be obtained from the measured signals, and we cast the measurement
model as Equation (12).
Ck = Ck + €mem ~ N(0,03,), (12)

where Cj denotes the measured capacity; the noise € follows a Gaussian distribution with
zero mean and o2 variance; other notations are the same as previous equations.

3.3. Dual Estimation

PF provides us a joint estimation of the model parameters and states. However, the
standard PF is unstable and inaccurate for estimating high-dimension states and nonlinear
coupled states. In the case of RUL prediction, the state is coupled with the parameters,
and the clean state is unavailable due to the measurement noise. Thus, a dual-estimation
framework [37-39] is employed here for model identification.

In our study, two PFs run concurrently given the noisy observations and the condition
of rest time. At each cycle k, the PF state filter estimates the state Cy, using the previously es-
timated parameters {a;_1, Br_1}, because the parameters of the kth cycle are not estimated
yet. The PF parameter filter estimates the parameters by incorporating the latest estimated
state Cy. Algorithm 1 describes the dual-particle filter algorithm, and Figure 2 shows the
dual-PF estimator system schematically.

State estimation Parameter estimation

Initialization

Initialization

7|\+ 1

T oo e )N 00N} e o o
Lﬂ‘ N iy » IA
Vv‘ 0‘(_] XA Vl}‘
Importance sampling Inputs & Importance sampling
Observations
1§ oo )XV W} (8.4
I\:l\+ I @ k=
Resample? No No Resample?
{1 Yes
Resampling | .. . T Resampling
AN N Y Y
o000 oo {;(;.”,N;]} {é(_”,N;]} e 0000
)A{A: ek

Figure 2. The dual-particle filter algorithm for state estimation and parameter estimation. The left
part is the state estimation, and the right part is the parameter estimation. Both of the estimations
iteratively incorporate the newly estimated states or parameters from each other. For example, in the
kth step, we estimate the states £ with ;_; and, then, estimate the parameters ; with ;.
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Algorithm 1: Dual-particle filter algorithm.

(i)

1. Initialization, k = 0. Generate N, initial particles (i = 1, ..., Ny) of capacity x,’ from
the prior p(xp), w ( ) = = N L0 = [a, B]T, Ny initial particles (i = 1, ..., Np) of capacity
Qél) from the prior p(@o), a)((]) = Ng_l.
2. Fork=1,23,..
(1) State estimation
(a) Importance sampling. Fori =1, ..., Ny
¢~ g(alxgy g, k1, y10), and set £
* Recursively update the importance weights:

e Sample: £

a

(i) o i) plelel, 00 )p(a 157, 0k

Wy X Wy RO A (13)
’7(x1(<l)|x(()z:l)<—1f9k—1/y1:k)
¢ The normalized importance weights are:
. . N .
o) = v} v’). (19
j=1

(i)

(b)  Resample the state particles £, when the effective sample size N, is
below an empirical threshold Nt, and the effective sample size is estimated

o 1 ‘
by Neff - Z]{ixl(wl((i))zl
(c) The estimated state is: £ = Zl 1 w,(C )xlg ),
(2) Parameter estimation
(@) Importance sampling. Fori =1, ..., Ny

()

¢ Sample: §,' o) A(i))

~ q(0¢16Y) 1, %, y14), and set 85) 2 (8%) 6!
* The importance weights of the parameters are recursively updated as:

50 a6 y 4
) ) PWkIO X)p(0;710,7,), %
of! o o)y PRI SR ol 2, (15)
q(ek |00;k_1/xk/y1:k)
¢ The normalized importance weights are:
. NN .
d),?) = a)é’)[z wlgl)]. (16)
j=1

(b) Resample the parameter particles (9( ) with similar rules, and obtain the
new particles with equal 1mportance weights

(¢) The parameters are estimated by: 0, = Zl 1 wlg) lgi).

3.4. Kernel Smoothing

With the dual-particle filtering framework, we can estimate the state and model
parameters, respectively. However, the model parameters and state evolve artificially with
random noise, as shown in Equations (10) and (11). The state and parameters cannot be
decoupled explicitly so far. In this subsection, we aim to reduce the evolving magnitude
of the model parameters compared to the state. The rationale behind this is that we want
the state to respond to most of the measurement observations and the control inputs,
while the model parameters evolve as smoothly as possible. Kernel smoothing [40,41]



Energies 2024, 17, 1679

8 of 15

was originally proposed to avoid the variance dispersion during the artificial evolution
of time-varying states. The kernel smoothing of our model parameters has been adopted
to shrink the variance of the model parameters, which reduces the impact of the control
inputs and measurement observations on the model parameters. The updating of the model
parameters in Equation (10) can be revised as follows.

m,(j) = 9]@1 +¢€,e~ N(0, (72), (17)

() (i) 138 )

O = (1= Aym” + A(5- Lmy”), (18)
01

where 6 = [«, B]T denotes the parameters, m,(cl) is the intermediate variable of 6 for the
ith particle in the updating time step of k, I is identity matrix, and A = [A1,0;0,A;] is a
diagonal matrix to shrink the variance among the updated particles. When Ay = A, =0,
there is no shrinkage and the updating function is the same as in Equation (10). The

meanings of other symbols are the same as the previous notations.

3.5. Remaining Useful Life Prediction

The RUL is the remaining cycles before the health indicator deteriorates to the failure
threshold. To fulfill the RUL prediction, we propose a two-phase prognostics framework.
The first phase is the model identification as described in previous subsections. The
second phase utilizes the identified model for RUL prediction. When we obtain the future
predicted capacity via the identified model, we can extrapolate the RUL from Equation (19),
as described in our previous study [42].

RUL = kte — kio, 19)

where k; denotes the latest cycle in the model-identification phase in which the observation
has been utilized and k;. denotes the cycle in which the predicted capacity decreases to the
failure threshold for the first time. The overall prognostics framework for the lithium-ion
battery is visualized in Figure 3.

1
Model identification <-------- { === RUL prediction
1
1
k=k+1 i Expected
1 o2
i 1 conditions
a 1
X, U oay:
k-1 > Tlme update PE, Measurement » XA: (ko +10k,
update PFx H —
1
Equation (11) Observatlons 1»| Identified
1
- Model =
Cy, : : k=k+1
1 C\A,., ik,
Equation (17) Equation (18) v !
No
5 [ Time update " Kernel Measurement . i 0
Al update PF, 0,1
smoothmg p k ] Yes
k=k+1 i

k.=k —» RUL=k, -k,

Figure 3. The framework of remaining useful life prediction for lithium-ion batteries. The left
part is the model-identification phase, which utilizes the dual-particle filtering method and kernel
smoothing method; The right part is the RUL prediction phase in which the capacity is continuously
predicted with the identified model over the repeated cycle until the predicted capacity hits the
failure threshold Cr, and the RUL is the cycle duration.

The RUL for each state-evolving particle (RUL;) can be calculated according to
Equation (19), and the posterior pdf for the RUL can be approximated from Equation (20)
accordingly.
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Ny . )
P(RUL| 110, Crig U s1)4,) ~ Y @y 8(RUL — RULY), (20)
i=1

where 1y, denotes all the operating conditions during the model-identification phase;
C1:k,o represents all the observations from cycle 1 to cycle kyo; 1k, 11k, denotes the expected
conditions. It should be pointed out that the end cycle ki for each particle may not be the
same. The prediction of the RUL thus can be approximated by Equation (21).

Ny )
RUL = ) @ RUL'". (21)
i=1

4. Experiment Comparisons
4.1. Experiment Settings

In this section, we adopt the accelerated aging battery datasets from the NASA Prog-
nostics Center of Excellence (PCoE) [43] for model identification and RUL prediction. The
datasets include the operational parameters and conditions for four lithium-ion batteries
(#5, 6, 7, and 18) during the degradation experiments. Each battery has been sequentially
run with three different operational profiles (i.e., charge, discharge, and impedance) and
repeated until their capacities fade to the failure threshold. To validate the efficiency of our
proposed model and the model-identification method, we compared the prediction perfor-
mance of our proposed framework with Saha’s model [19] over the four lithium-ion battery
datasets. We also compared the RUL prediction performance of our proposed empirical
model with two different parameter-estimation methods. One is dual-particle filtering plus
the kernel smoothing method for estimating the state and parameters separately; the other
is the particle filtering method for estimating the augmented state/parameter vector.

In the comparison experiments, the prediction starts from different degradation stages.
The historical data before the prediction start points were employed for model identification.
To enlarge the prediction length and utilize most of the degradation data, we define the
failure thresholds for the #5 and #6 batteries as 70% of the original capacity and 75% of the
initial capacity for the #7 and #18 batteries. The difference in the selected failure threshold
is due to the different cycle lengths and different initial capacities of the four lithium-ion
batteries. However, the choice of the failure threshold should consider the reliability of the
battery in practice. The actual life (AL) of the battery is the cycle length in which the battery
capacity degrades from its initial value to the failure threshold. We may regard the life cycle
in 40%, 60%, and 80% of AL as the early, middle, and later stage of the degradation process,
respectively. For each setting of the comparison experiments, the fitting and prediction
results may differ due to the probabilistic estimation with the particle filtering framework.
To capture the statistical information, we ran each experiment 15 times.

4.2. Results and Discussions

The capacity prediction results for the #5 battery dataset are shown in Figure 4, which
visualizes one of the capacity fittings and prediction results among the 15 repeated experi-
ments. The capacity-prediction results for the other battery datasets are similar and not
visualized here due to the limited space. Subfigures (a), (b), and (c) of Figure 4 compare
the different capacity-prediction performances in different degradation stages, respectively.
The methods A, B, and C are used here for simplification to represent Saha’s model (refer to
Equation (1)) estimated with particle filtering, our proposed model (refer to Equation (7))
estimated with particle filtering, and our proposed model estimated with dual PF plus the
kernel smoothing method (refer to Equations (17) and (18)), respectively. In each subfigure,
the vertical dashed line represents the cycle position in which the measurement capacity
before the position is fed into the model for model identification; the posterior estimations
of these capacities are visualized in the figure before the vertical dashed line. After the
dashed line, we use the identified model to predict future capacities. The bold horizontal
line represents the failure threshold or end threshold for the battery life. The hollow circle
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is the measurement capacity on each charge/discharge cycle, and the other lines are the ca-
pacity estimations or predictions for different methods. The true RUL is the cycle duration
from the dashed line position to the cycle when the bold line intersects with the hollow
circle line for the first time, and the predicted RUL can also be visualized in a similar way.
From these figures, we can observe that our proposed model and estimation framework
are capable of capturing the regeneration phenomenon on the condition of future expected
rest time.

(a) 40% training samples on #5 battery
2 T T T T

o True Capacity
----- Method A
Method B
Method C

<—Prediction starts

Capacity (Ah)

End threshold

0 20 40 60 80 100 120 140 160 180
Cycle

(b) 60% training samples on #5 battery

O True Capacity
----- Method A
Method B
Method C

Prediction starts—>

Capacity (Ah)

3 End threshold

0 20 40 60 80 100 120 140 160 180
Cycle

80% training samples on #5 battery

(c)

O True Capacity
ek - Method A
Method B
Method C

Prediction starts—>:

Capacity (Ah)

3 o
End threshold M{g
13

o -

0 w0 s s 100 120 10 10 160
Cycle

Figure 4. The comparison results for the three modeling methods on the dataset of the #5 lithium-ion

battery. Subfigures (a—c) show the capacity fitting and prediction results for different degradation

stages. The experiments have been repeated 15 times, but Subfigures (a—c) only show the results from

one of the experiments.

Figures 5 and 6 summarize RUL prediction errors for the three modeling methods
for different degradation stages. The boxplot groups the results from the 15 repeated
experiments. The red line within each box depicts the median of the prediction errors, and
the range of the blue box reflects the RUL prediction errors between the 25th percentiles and
75th percentiles. From these figures, we can observe that the prediction errors gradually
reduce over the degradation stage, and the prediction errors of our proposed modeling
method (method C) are smaller than the other modeling methods regarding both the
median errors and repeated variance in general. In the experiments, the prediction line
of capacity may not hit the end threshold, leading to the failure of RUL prediction, as
shown in Figure 4a. In this case, we penalized the predicted RUL as twice the true RUL for
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the model comparisons. The quantitative results for all the methods for the four battery
datasets are shown in Table 1. In the table, the prediction is the median prediction of all
15 results. For each configuration of the comparison experiments, the smallest prediction
errors are emphasized with bold type.

RUL prediction for #5 battery RUL prediction for #6 battery
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Figure 5. The boxplot of the RUL prediction error by method A, method B, and method C for the
#5 and #6 batteries. Method A is Saha’s model estimated with PF; method B is the proposed model
estimated with PF; method C is the proposed model estimated with dual PF plus kernel smoothing.
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Figure 6. The boxplot of the RUL prediction error for the #7 and #18 batteries. The experiment
has been conducted for different degradation stages (40%, 60%, and 80%) of the lithium-Ion batter-
ies; each experiment has been repeated 15 times, and the boxplot summarizes the repeated RUL
prediction error.

Table 1. The comparison of RUL prediction performance for different modeling methods.

Method A Method B Method C
Battery No. True RUL Median Absolute Median Absolute Median Absolute
Prediction Error Prediction Error Prediction Error
98 196 98 86 12 85 13
B0005 65 130 65 35 30 70 5
33 29 4 19 14 33 0
62 106 44 66 4 70 8
B0006 41 28 13 24 17 41 0
21 7 14 5 16 17 4
96 83 13 52 44 82 14
B0007 64 128 64 68 4 53 11
32 35 3 36 4 35 3
60 55 5 56 4 60 0
B0018 40 80 40 55 15 45 5
20 16 4 16 4 21 1
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As we can see, the prediction of Saha’s model in the early stage of battery life often
leads to the failure of the RUL prediction. A possible reason is that the CE changes for
different degradation stages, and the model cannot capture the change of capacity with
the fixed CE. In contrast, our proposed model can capture the change of the capacity
degradation in most of the cases, which demonstrates that the adaptive modeling method
is effective. When we compared the augmented PF estimation method (method B) with
our proposed dual PF plus kernel smoothing estimation method (method C), our proposed
method is more accurate with less variance in most of the RUL prediction cases. In general,
the prediction performance improves when more measurement observations are available
in the later degradation stage, and our proposed model and estimation framework (method
C) performs better than other modeling methods in most of the cases.

We also compared the parameter-evolving paths for the random evolving in the
augmented PF and kernel smoothing evolving in the DPF for our proposed model. As
shown in Figure 7, we found that the kernel smoothing-evolving method works well for
the updating of the parameters. The evolving paths are smoother, and the changes of the
parameters are smaller compared to the randomly evolving method, which demonstrates
the effectiveness of our proposed kernel smoothing method.
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Figure 7. The comparison of parameter-evolving paths for different evolving methods. The subfigures
of (a—c) show the parameter-evolving paths for both « and g for different degradation stages. All the
subfigures demonstrate that the kernel smoothing method obtains a smoother evolving path than the
random evolving method.
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5. Conclusions

In this paper, a condition-based adaptive model has been developed to model the bat-
tery degradation and regeneration process, and a dual-particle filter estimation framework
with the kernel smoothing method has been proposed to estimate the model parameters. It
has been theoretically proven that the proposed model is equivalent to other state-of-the-art
models in capturing the dynamic degradation process, yet with a simpler structure. The
rest-time-based regeneration-detection module was proposed and incorporated into the
adaptive model. On the condition of the expected rest time, our proposed model allows for
multi-step-ahead prediction of the capacity degradation and regeneration. The dual-particle
filtering method was utilized to decouple the estimation of the model state and model
parameters. The kernel smoothing method was applied to further smooth the evolving
path of the parameters, which led to the model state responding to most of the regenera-
tion phenomena during the identification. With the identified model, the future capacity
can be predicted based on the condition of the expected rest time, and the RUL can be
extracted accordingly. The experimental results demonstrated the satisfactory performance
of our proposed method in modeling the degradation and regeneration phenomena. The
improvements of our method are both effective in the adaptive model and the dual PF plus
kernel smoothing-estimation framework. Our proposed modeling methods are superior in
terms of both the RUL prediction accuracy and the repeated variance. However, the real
operating conditions of a lithium-ion battery are more complicated than the accelerated
aging experiments. For example, the depth of charge or discharge may vary from cycle
to cycle in real applications, while the working conditions like temperature or ambient
conditions may also affect the degradation and regeneration process. These factors need to
be further considered in future work.
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Appendix A. Equivalent Proof

In this Appendix, we present the proof that the structure of our proposed model is
equivalent to Olivares’s model [25] if ignoring the detection module.

Proof. The following formula is first derived according to the state transition model (refer
to Equation (3)):

X141+ X241 = XX + W1k + Q2Xo ) + BU + Wy

Al
= (w1x1% +a2xp ) + BUL + (Wi k + W) (A1)

Then, let a1y + axXpp = a (X1 + X2 x) and wy = w1 + wy k; we have

X1 1+ X1 = a(Xqx + X k) + BUK + wy. (A2)
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