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Abstract

This paper addresses the use of data-driven
evolving techniques applied to fault prog-
nostics in Li-ion batteries. In such prob-
lems, accurate predictions of multiple steps
ahead are essential for the Remaining Use-
ful Life (RUL) estimation of a given as-
set. The fault prognostics’ solutions must
be able to model the typical nonlinear be-
havior of the degradation processes of these
assets, and be adaptable to each unit’s partic-
ularities. In this context, the Evolving Fuzzy
Systems (EFSs) are models capable of rep-
resenting such behaviors, in addition of be-
ing able to deal with non-stationary behav-
ior, also present in these problems. More-
over, a methodology to recursively track the
model’s estimation error is presented as a
way to quantify uncertainties that are propa-
gated in the long-term predictions. The well-
established NASA’s Li-ion batteries data set
is used to evaluate the models. The exper-
iments indicate that generic EFSs can take
advantage of both historical and stream data
to estimate the RUL and its uncertainty.

Keywords: Data-driven RUL estimation,
Fault prognostics, Evolving fuzzy systems,
Takagi–Sugeno fuzzy models.

Acronyms

exTS Evolving Extended Takagi-Sugeno

RUL Remaining Useful Life

PHM Prognostics and Health Management

EBeTS Error Based Evolving Takagi-Sugeno
Model

CBM Condition-based Maintenance

HI Health Index

TS Takagi-Sugeno

UUT Unit Under Test

MF Membership Function

RLS Recursive Least Squares

MAPE Mean Absolute Percentage Error

RA Relative Accuracy

FT Fault Threshold

ARMA Autoregressive Moving Average

eMG Evolving Multivariable Gaussian

EFS Evolving Fuzzy System

1 Introduction

Li-ion batteries empowers many applications that are
present in our lives; from small devices such as our
cell phones to bigger machines such as electric vehi-
cles. This wide range of applications drives increas-
ing investments to create new maintenance policies
that can prevent unexpected failures. These policies
are in continuous improvement towards reliability and
cost-effectiveness. Between preventive and corrective
maintenance strategies, Condition-based Maintenance
(CBM) is developed to be the optimal point in terms
of total costs, balancing operating with maintenance
costs.

A key CBM program is the Prognostics and Health
Management (PHM), which creates relevant health in-
dicators out of monitoring data to reduce inspections
through early fault detection and prediction of impend-
ing faults [12]. Health prognostics is a primary task
in this context and consists of predicting the Remain-
ing Useful Life (RUL) of these machines [15]. The
RUL prediction methodologies are commonly classi-
fied into three categories: data-driven, model-based,
and hybrid. The latter combines characteristics of the
former two categories [13]. Model-based approaches
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rely on first-principle models to assess the RUL [8].
Although these models tend to outperform models in
other categories, they may be challenging to obtain in
practical situations, and reusing these models in differ-
ent assets may be impossible [15].

The drawbacks of first-principle methods motivate the
development of data-driven approaches based on sta-
tistical models and artificial intelligence techniques.
Particularly, artificial intelligence approaches deal with
complex systems by learning how to produce the de-
sired outputs from given inputs, i.e, learning input-
output relationships, which are possibly nonlinear
[1]. However, it is usually necessary to retrain arti-
ficial intelligence models if the operating conditions
change [23]; and the algorithms usually require a large
amount of high-quality training data.

In general, data-driven approaches have fixed struc-
tures, i.e., they assume stationary environment. Such
assumption often does not hold, making the afore-
mentioned approaches unsuitable for real-time prog-
nostics, where human intervention is not always pos-
sible to redefine the problem domain if needed. A
way of tackling the stationarity assumption is to de-
velop strategies based on multiple models [7]. The
multiple model strategy can be automated by develop-
ing evolving models, whose knowledge-base is built
based on data streams, allowing the learning of com-
plex behaviors and novelties from scratch [6]. The
ability to model complex nonlinear dynamics in non-
stationary environments places the Evolving Fuzzy
Systems (EFSs) as interesting choices for prognostics
applications in cases where it is rough to represent or
describe time-varying and nonlinear characteristics of
a system. Nonetheless, literature on applying evolv-
ing intelligence to fault prognostic issues is somewhat
scarce; a subset of that addresses the uncertainty quan-
tification problem [3, 9, 10, 24].

The practical applications of EFSs are various. Their
recursive nature allows real-time fault detection and
diagnosis [17, 19], systems identification, and time-
series prediction [16]. The present study focuses on
system identification and time-series prediction prob-
lems in which the majority of the existing models are
based on variations of Takagi-Sugeno (TS) fuzzy in-
ference systems, i.e., models whose rules consist of
functional consequent terms. In their evolving formu-
lations, these models display a fully adaptive structure
in terms of the number of rules, and antecedent and
consequent parameters through data-streams. Online
learning is supported by a recursive incremental learn-
ing mechanism that decides about rule creation, exclu-
sion, updating, and merging.

Throughout the years, different kinds of EFSs have

been proposed to explore nuances of different learning
mechanisms. The multivariable model called Evolving
Extended Takagi-Sugeno (exTS) [2] partitions the in-
put/output data space through an extension of the con-
cepts of subtractive clustering [5]. The learning pro-
cess of creating and excluding rules in the knowledge-
base is related to recursively computed quality met-
rics such as the zone of influence of each cluster, their
age, and support size. Local models are constructed
by means of univariate Gaussian Membership Func-
tions (MFs) for each premise variable.

The application of evolving models for time series pre-
diction and systems identification has stimulated ef-
forts towards the development of models that account
for complex relationships among input variables. The
EFS called Evolving Multivariable Gaussian (eMG)
uses first-order functions and multivariate Gaussians as
MF to represent the premise variables [18]. This kind
of MF can model the relation among input variables
through the recursive computation of a dispersion ma-
trix. The model uses a learning mechanism based on
the participatory learning principle that endows the al-
gorithm with the capacity to classify whether a sample
is an outlier or the first representative of a new cluster
[30].

Due to a clear relation between the prognostics task ad-
dressed in this paper and long-term forecasting, the Er-
ror Based Evolving Takagi-Sugeno Model (EBeTS) is
considered. EBeTS combines multivariate Gaussians
– to represent complex relationships among input vari-
ables – with criteria designed to explicitly take advan-
tage of the estimation error to update the model’s struc-
ture on the fly [3]. The choice of hyper-parameters in
EBeTS can be made in a fully problem-agnostic way,
which facilitates its application in different problems,
such as the prognostics of rolling bearings and Li-ion
batteries. Reference [3] also provides a framework that
enables the use of different EFSs in prognostics tasks
in which model’s uncertainty must be considered. The
main contributions of the present paper are the follow-
ing:

1. Fault prognostics is performed taking into consid-
eration the Li-ion battery dataset and EFSs;

2. The uncertainty quantification procedure pro-
posed in [3] is improved by means of a more sta-
ble quantification of the model’s initial error;

3. The RUL’s confidence bounds were generalized
as z-values of the normal distribution computed
through a given significance level.

The remainder of this paper is organized as follows.
Section 2 states the prognostics problem by provid-
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ing the definition of RUL used in this paper. Sec-
tion 3 describes the computational framework that sup-
ports EFSs for long-term prediction as well as the
novel uncertainty quantification procedure, which al-
lows the computation of confidence intervals using
fuzzy TS models. In Section 4, a real benchmark
dataset, namely, the Li-ion battery charging dataset,
provided by NASA, and a parameter tuning proce-
dure to test prognostics approaches are presented. Sec-
tion 5 shows the results and discusses the application
of three different EFSs and a non-evolving model for
fault prognostics. Finally, Section 6 concludes the pa-
per.

2 The prognostics problem

RUL prediction is an essential step in prognostics.
Based on the asset’s age and condition, and on previous
operation profile, RUL prediction concerns estimating
how much time remains, from the current instant, to
a possible fault occurrence [11]. Some authors define
RUL from the Health Index (HI) point of view, i.e.,
RUL is the time left until the system’s degradation state
reaches a given Fault Threshold (FT) [20, 28], which
is expressed by:

r̂k = inf{N ∈ N | x̂k+N ≥ η}, (1)

where r̂k denotes the RUL computed at instant k, given
observations of the degradation state until k; N is the
natural numbers set; x̂k+N is an estimate of the degra-
dation state, i.e., the HI at time k +N; and η is the
predefined FT.

In addition to a pointwise RUL estimate, providing
a confidence interval in which the RUL belongs –
which takes into consideration the inherent uncertainty
of fault prognostics [29] – is equally important. An
example of uncertainty in RUL estimate is shown in
Figure 1. Notice that the predicted degradation path
reaches the FT (blue dot) before the actual degradation
path does (red dot). However, a confidence interval
extracted from a probability density function around
the pointwise estimate encloses the true RUL. Another
uncertain value in RUL prediction is related to the FT
itself. The FT can also be described by means of a
probability distribution – or failure domain. However,
in a great part of the literature, including the present
paper, the FT is represented by a constant line to sim-
plify the RUL prediction process [15]. Therefore, Eq.
(1) is a simplified version of the canonical RUL def-
inition by [4], where the concept of failure domain is
defined.

The state of a system deteriorates until it reaches the
FT, namely η . Thus, we define the RUL prediction
problem in this paper as a multi-step-ahead prediction
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Figure 1: Degradation stages and uncertainty in RUL
prediction.

problem; we want to estimate η . State propagation
can be performed using the following state transition
relation,

x̂k+N|k = fk
(
vk+N,L,εk+N

)
, (2)

in which vk+N,L, given by

v>k+N,L =


[xk xk−1 · · · xk−L+1] , if N = 1
[x̂k+N−1 · · · x̂k+1 xk · · · xk+N−L] , if 2≤ N ≤ L
[x̂k+N−1 · · · x̂k+N−L] , if N > L

(3)

is a lag vector with estimates; εk is an independent
identically distributed (i.i.d.) noise vector. Further-
more, xn and x̂n are, respectively, the observed and es-
timated degradation state at the time step n; L is the
order of the auto-regression polynomial; N is the num-
ber of steps ahead for which the degradation state is
predicted; and fk(·) is the state transition function re-
cursively obtained up to the instant k using an EFS. In
this paper, long-term estimates are given by the iter-
ative approach [10] due to its simple implementation
and quickness. Moreover, establishing a prediction
horizon is needless. The iterative approach performs
one-step prediction, and uses the last predicted value
as a regressor to estimate the next value.

3 Data-driven prognostics with EFS

A TS fuzzy model allows the representation of a sys-
tem by means of fuzzy concepts. The TS fuzzy model
uses functional consequent, usually linear [22]. In such
systems, given a set of C rules, the i-th IF-THEN rule,
is

Rule i: IF xk IS Φi,k−1 THEN ŷi,k = x̃>k ∗̂θ i,k−1 (4)

where xk ∈ Rnx is the vector of premise variables,
θ̂θθ i,k−1 ∈ Rnx+1 is the vector of estimated conse-

quent parameters, and x̃k =
[
1 x>k

]>. Moreover,
xk IS Φi,k−1 denotes the fuzzy relation between xk and
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the fuzzy set Φi,k−1 for i ∈ N≤C, such that the mul-
tivariate MF is ϕi,k−1 : Rnx → [0,1]. Throughout the
text, N≤k will be used to denote the set of natural num-
bers up to k, such that N≤k = {1,2, . . . ,k}.

The output of the TS fuzzy model is a convex combi-
nation among C consequent linear models weighted by
the rules’ activation degrees. Activation degrees must
comply with the convex sum property, i.e., they need to
be non-negative and sum one. From the center average
defuzzification, the overall model output is given as

ŷk =
C

∑
i=1

hi,k−1(xk) ŷi,k (5)

in which

hi,k−1(xk) =
ϕi,k−1(xk)

∑
C
m=1 ϕm,k−1(xk)

. (6)

When using univariate MFs, rules’ activation degrees
are obtained from aggregation operator based on a t-
norm. At instant k, the system output (5) can be rewrit-
ten in matrix form as

ŷk = h>k−1(xk)Θ̂ΘΘ
>
k−1 x̃k, (7)

where hk−1(xk) =
[
h1,k−1(xk) · · · hC,k−1(xk)

]> ∈
RC is the vector of normalized activation degrees,

and Θ̂ΘΘk−1 =
[
θ̂θθ 1,k−1 · · · θ̂θθC,k−1

]>
∈ Rnx+1×C is

the matrix of consequent coefficients, as estimated in
the previous time step using Recursive Least Squares
(RLS).

Given a number of rules, C, the TS model creates a
coarse fuzzy partitioning of the data space, and updates
the parameters of first-order consequent functions to
locally approximate the behavior of a system. An is-
sue on online stream modeling concerns the lack of
a priori knowledge about the model structure, i.e., its
number of rules [14]. This is particularly relevant in
fault prognostics since degradation dynamics are typ-
ically nonlinear, non-stationary, and different for each
Unit Under Test (UUT).

3.1 Uncertainty estimation

Consider a state transition function given by a TS
model, with rules as in (4). The degradation propa-
gation (2) can be rewritten as

x̂k+N = h>k
(
vk+N,L

)
Θ̂ΘΘ
>
k ṽk+N,L+εk+N , ∀N > 0 (8)

where hk(·) and Θ̂ΘΘk are the normalized degrees of acti-
vation and consequent parameters for each rule with
structure updated until time instant k; N is the pre-
diction horizon, and ṽk+N,L is the augmented vector

ṽk+N,L ,
[
1 v>k+N,L

]>
. To account for prediction un-

certainties, white Gaussian noise is added to (8) from

εk ∼N
(
0,σ2

ε

)
, (9)

where σ2
ε is considered constant. The noise variance

can be estimated through Monte Carlo simulations us-
ing the consequent parameters’ covariance matrix es-
timated via RLS until time instant k [3]. We provide
a way to recursively track the covariance of estimation
errors through the online learning operation, i.e., for
time instances n ∈ N≤k. The mean error is recursively
tracked as

∆∆∆ε,n = εn− µ̂µµε,n−1, (10)

µ̂µµε,n = µ̂µµε,n−1 +
1
n

∆∆∆ε,n, (11)

in which n is the total number of instances processed
by the EFS. The initial mean error is µ̂µµε,0 = 0ny×1 –
where ny = 1 in this case. Given the estimated mean
error, the sum of squares is obtained recursively from

Mε,n = Mε,n−1 +(εn− µ̂µµε,n−1)(εn− µ̂µµε,n)
>, (12)

being Mε,0 = 0ny×ny . The error covariance matrix at
time instant n is

ΣΣΣε,n =
Mε,n

n−1
. (13)

The variance σ2
ε in (9), used for long-term prediction,

is then approximated by

σ
2
ε ≈ ΣΣΣε,k. (14)

3.2 Uncertainty propagation

After obtaining the initial uncertainty in one step esti-
mates (Section 3.1), its long term propagation consid-
ers the input vector (3) to be a vector composed of es-
timated random variables. Note that if N = 1, the pre-
vious degradation states are known and, naturally, are
non-random variables. Accordingly, the output x̂k+N
of the state transition relation (8) is also a random vari-
able,

x̂+k+N = h>k (zk+N) Θ̂ΘΘ
>
k ṽ+k+N,L + εk+N , ∀N > 0 (15)

where zk+N , E[ṽ+k+N,L] are premise variables defined
as the expected input vector. Computing variances in
a multi-step prediction framework is needed for uncer-
tainty propagation. The first step gives

Var
(
x̂+k+1

)
= Cov

(
h>k (zk+1) Θ̂ΘΘ

>
k ṽ+k+1,L

)
+σ

2
ε . (16)

As rule activation degrees, hk(·), are computed based
on the expected value of the random variable ṽ+k+1,L,
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then they can be considered constant; similar to the pa-
rameters vector. Let

ΞΞΞN , h>k (zk+N) Θ̂ΘΘ
>
k . (17)

Thus it is easy to notice that Eq. (16) is rewritten as:

Var
(
x̂+k+1

)
= ΞΞΞ1 Cov

(
ṽ+k+1,L

)
ΞΞΞ
>
1 +σ

2
ε

= ΞΞΞ1 ΛΛΛ
L
1 ΞΞΞ
>
1 +σ

2
ε

= σ
2
ε

= λ
2
1 , (18)

in which ΛΛΛ
L
N , Cov

(
ṽ+k+N,L

)
, and λ 2

N , Var
(
x̂+k+N

)
.

Note that ΛΛΛ
L
1 = 0, since previous degradation states are

known at N = 1. Then the NNN-step variance is com-
puted recursively as

Var
(
x̂+k+N

)
= ΞΞΞN ΛΛΛ

L
N ΞΞΞ

>
N +σ

2
ε . (19)

The covariance matrix of the random vector ṽ+k+1,L is

ΛΛΛ
L
N =


0 0 · · · 0
0 λ 2

N−1 · · · λN−LλN−1ρ̂L,1
...

...
. . .

...
0 λN−1λN−Lρ̂1,L · · · λ 2

N−L

 , (20)

where the first row and column contain zeros by de-
fault, due to matrix augmentation. Moreover, λ 2

i = 0
when i < 0, meaning that xk+N is known. The conva-
riance matrix (20) is weighted by Pearson correlation
coefficients, ρ̂ , estimated by means of available UUT
data.

Considering the degradation to be a random variable
with Gaussian distribution, whose expected value is
propagated by successive iterations of (8), then RUL
lower and upper bounds at an (α)(100)% significance
level are given as

r̂lower,k = inf{N ∈ N : x̂k+N + z1−α/2 νN ≥ η}, (21a)

r̂upper,k = inf{N ∈ N : x̂k+N + zα/2 νN ≥ η}. (21b)

Representing, quantifying, forward propagating, and
managing uncertainty are issues of utmost importance
to support decision-making in practical engineering
applications [26]. Nevertheless, there is a lack of ef-
fective uncertainty quantification approaches for multi-
step prediction based on EFS, where the number of
rules starts from scratch and vary over time. In this
sense, the uncertainty quantification method described
in this section, despite its relative simplicity, is an orig-
inal contribution to evolving fuzzy modeling. The
method enables fault prognostics in dynamic and time-
varying environment.

4 Experimental setup

The case study reported in this section concerns the
degradation of Li-ion batteries. This type of bat-
tery is found in industry and commercially, e.g., in
electric vehicles, microgrids, and electronic devices
[21, 25]. The cycle aging datasets of four Li-ion bat-
teries are provided by a testbed in the NASA Ames
Prognostics Center of Excellence (PCoE). The testbed
comprises commercial Li-ion 18650-sized recharge-
able batteries from the Idaho National Laboratory;
a programmable 4-channel DC electronic load and
power supply; voltmeters, ammeters, and a thermocou-
ple sensor suite; custom electrochemical impedance
spectrometry equipment; and environmental chamber
to impose different operational conditions. The batter-
ies run at room temperature (23o C). Charging is done
in constant mode at 1.5 A, until the voltage reaches 4.2
V. Discharging is performed at a constant current level
of 2 A, until the battery voltage reaches 2.7 V [25].

The health index (HI) used in the experiments is the
percentage charge capacity. When the batteries reach
a 30% deterioration in rated capacity (from 1.4 to 2
Ah), experiments are terminated [25]. Therefore, the
FT is 70%. Figure 2 summarizes the datasets, namely,
B0005, B0006, B0007, and B0018. The dataset B0006
is arbitrarily chosen as the training dataset. We com-
pare three EFSs with each other and with a non-
evolving method based on an Autoregressive Moving
Average (ARMA) model.
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Figure 2: Percentage charge capacity along discharge
cycles.

4.1 Parameter tuning

Default hyperparameters were chosen for the differ-
ent algorithms to be compared. For the EBeTS ap-
proach, the choice is based on problem-agnostic rec-
ommendations [3]. The EBeTS hyperparameters are
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ωEBETS = 95.45%, τEBETS = `+1, γEBETS = 0.5, and
δEBETS = 103, with ` being the number of input lags
or autoregressors. The exTS approach depends on the
rule covariance initialization constant, ΩEXTS, whose
meaning is analogous to that of δEBETS; therefore
ΩEXTS = 103. The eMG approach uses as learning rate
βEMG = 0.05; the unilateral confidence interval to de-
fine the eMG compatibility threshold is αEMG = 0.01,
the window size for the alert mechanism is wEMG = 20,
and the initial dispersion matrix to create clusters is
Σinit

EMG = 10−3× I`.

The number of input lags ` is a free parameter to be
optimized based on accuracy indices, namely, Relative
Accuracy (RA) and Mean Absolute Percentage Error
(MAPE). They are computed as follows [27]:

MAPEk =
100
N

k+N

∑
i=k+1

∣∣∣∣xi− x̂i

xi

∣∣∣∣ , (22)

RAk = 1− |rk− r̂k|
rk

, (23)

where N is the number of forthcoming predictions until
the UUT state reaches the threshold; rk and r̂k are the
actual and estimated RUL at k, respectively.

The training data, i.e., the data from B0006, and 20
samples of each test dataset, are used to validate a
proper number of lags for each modeling approach. Let
Ik(.) be

Ik(`,ζ ,κ) = RAk(`,ζ ,κ)+
(

1−MAPEk(`,ζ ,κ)
100

)
+

(
1− `

20

)
, (24)

where ζ ∈ {B0006,B0007,B0018} is a testing bat-
tery; κ ∈ {EBeTS,exTS,ARMA,eMG} is an algo-
rithm; and ` ∈ [1, 20] is the number of lags. ARMA
models consider p and q within [1, 10]. The number
of lags arises as a result of the following maximization
problem,

`(ζ ,κ) = argmax
l

1
4 ∑

j∈{5,10,15,20}
I j(l,ζ ,κ). (25)

Index Ik(.) (24) depends on the actual RUL of a testing
battery to compute RAk. We propose an approximation
for validation purpose based on a relation commonly
used to quantify the charge capacity of Li-ion batteries,

C(k;c) = c1 expc2k+ c3 expc4k, (26)

in which the parameters’ vector, c =
[c1 c2 c3 c4]

>, is given using the known
data from a battery and the least-squares method.

The function lsqcurvefit1 is used to find the
parameters’ vector c in (26) for the training battery
B0006, which are used as a starting point to estimate
the parameters of the same exponential model (26) for
the test batteries. RUL estimates for each test battery
take the average between the model developed from
the training data B0006 and the model found based on
the first 20 test samples. Overall and average results
are exemplified in Figure 3. The same procedure is
applied to batteries B0007 and B0018.
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Figure 3: Combined exponential model using B0006
model and B0005 partial model.

The parameters of the exponential relation (26), as
portrayed by the data in Figure 3, are listed in Ta-
ble 1. To find the parameters in Table 1 using B0006
training data, the least-squares starting point is c0 =
[1 1 1 0]>. For the other batteries, the final coef-
ficients for the B0006 model are used as starting point.

Table 1: Least-squares fit of the exponential models’
parameters based on battery charge capacity data.

Battery c1 c2 c3 c4
B0006 -0.4512 13.3905 1.0115 0.0033
B0005 -0.4512 13.3905 0.9226 0.0011
B0007 -0.4512 13.3905 0.9437 0.0010
B0018 -0.4512 13.3905 0.9305 0.0031

After defining the parameters of (26) for each test
dataset, RUL estimates are given and the index Ik (24)
is computed. With I j ∀ j in hands, we maximize (25) to
obtain the optimal number of lags. In particular, given
the data ζ related to a battery, and an algorithm κ, the
following steps are performed to find the optimal num-
ber of lags:

1. Find the parameters of an instance of (26) using
the training data, B0006;

1Available in https://www.mathworks.com/help/
optim/ug/lsqcurvefit.html
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2. Find the parameters of an instance of (26) using
the test data of battery ζ , i.e., the first 20 samples
of the respective dataset;

3. Provide a RUL estimate using the average of the
predictions given by the models from Steps 1 and
2;

4. For the different amounts of lags, from 2 to 20,
manipulate the training data, B0006, using a Han-
kel matrix, accordingly;

5. Use algorithm κ to train a model for each amount
of lags based on the data from Step 4;

6. Solve the maximation problem (25) to find the op-
timal number of lags, and optimal model.

5 Results and discussion

The optimization problem (25) defines the number of
input lags for each algorithm-battery pair. The third
column of Table 2 shows the number of lags chosen
for each pair; the subsequent columns show the RA for
different starting prognostics points tP. The symbol ‘*’
indicates that the prognostics task was not carried out
for the tP. Additionally, ‘–’ means the infeasibility of
an algorithm to compute the RUL for the tP. Infeasi-
bility happens if long-term predictions converge to a
value greater than the FT, or have their slope changed
to positive, thus never reaching the FT. Notice that the
lag column in Table 2 for ARMA models corresponds
to the parameter p, whereas the q coefficient is zero
for all cases, as found in validation. To compare algo-
rithms fairly, the sample index (si) in which the prog-
nostics start is set considering the tP and the number
of input lags of each battery-algorithm pair. Using the
EBeTS algorithm as a basis, then si = tP− (`−3). For
this reason, the B0018-exTS pair is unable to start the
prognostics task at tP = 20, since si = 6 is less than
`= 17.

Table 2 indicates that multivariate Gaussian models
can better capture the information in some datasets.
For instance, EBeTS and eMG have shown similar re-
sults for battery B0005. However, this is not observed
for batteries B0007 and B0018, in which non-evolving
ARMA models may eventually perform better. In gen-
eral, different initial hyperparameters for the different
algorithms may lead to slightly different results. In
the absence of a fine-tuning procedure to set initial hy-
perparameters, evolving algorithms are more prone to
develop sub-optimal models in the sense of long-term
trends. Nevertheless, we highlight that EBeTS hyper-
parameters come from a problem-agnostic methodol-
ogy, i.e., from a method that does not require expert
knowledge about the problem.

Table 2: RA for algorithm-battery pairs with prognos-
tics starting at different tP. Best values are in bold.

Bat. Alg. `
tP

20 40 60 80 100
B0005
fails at
cycle
125

EBeTS 3 0.94 0.78 0.76 0.98 0.96
exTS 9 – – – 0.95 0.91

ARMA 1 0.77 0.83 0.86 0.74 0.82
eMG 5 0.89 0.98 0.94 0.91 0.96

B0007
fails at
cycle
166

EBeTS 3 0.82 0.89 0.84 0.72 0.75
exTS 10 0.69 0.55 – – 0.83

ARMA 1 0.59 0.62 0.57 0.51 0.52
eMG 5 0.69 0.76 0.71 0.63 –

B0018
fails at
cycle

97

EBeTS 3 0.91 0.96 0.79 0.79 *
exTS 17 * 0.59 – – *

ARMA 1 0.80 0.78 0.91 0.57 *
eMG 5 0.84 0.89 – – *

* prognostics task not performed.
– algorithm’s infeasibility to give the RULs.

The α − λ plot for battery B0005 is shown in Fig-
ure 4. The uncertainty is quantified for all evolving
models using the online error tracking method with a
99% confidence level. Uncertainty propagation within
ARMA models2 yields too wide confidence intervals.
Their bounds enclose the whole goal region, which is
quite little useful to assist decision making. Similari-
ties between EBeTS and eMG, as noticed in Table 2, is
also perceived from Figure 4 for battery B0005. These
methods provided the narrowest confidence intervals.
In some experiments, the estimated RUL (red line) is
missing. In these cases, the long-term prediction does
not reach the FT, as discussed previously.

Figure 5 shows the long-term prediction for battery
B0005 and tP = 20, see dashed black line. The dashed
red line is the expected HI propagated multiple steps
ahead, while the dash-dotted black lines are its confi-
dence intervals. In the ARMA and exTS cases, such
uncertainty interval becomes large enough to provide
poor decision-making support, which is not the case
for the remaining methods since they consider relation-
ships among input features.

6 Conclusion

EFSs are promising methods to deal with nonlinear
problems in non-stationary environments. Their struc-
tures are flexible, and their parameters can be updated
recursively according to data stream changes. Struc-
tural learning from scratch, rapid recursive updates,
and historical-data storage avoidance make EFSs quite
suitable to be used in real-time prognostics systems.
We have shown the effectiveness of EFSs, namely

2A built-in function of the MATLAB System Identifi-
cation Toolbox. Available in https://www.mathworks.
com/help/ident/ref/forecast.html
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Figure 4: α −λ plot of the estimated RUL of battery
B0005. The goal region is α = 0.2.

EBeTS and eMG, in comparison to exTS and ARMA
models, using a real-world benchmark dataset con-
cerning the prognostics of charge capacity of Li-ion
batteries. EFSs-based models have offered online con-
dition monitoring and a way of fusing multivariate
data streams aiming at describing the multiple-stage
battery-degradation phenomenon and providing prog-
nostics. Furthermore, a framework to quantify and
propagate uncertainties related to estimation errors has
been improved to produce smooth confidence inter-
vals. The proposed uncertainty quantification frame-
work can be plugged into any EFS for real-time prog-
nostics.
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