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A Novel Product Remaining Useful Life Prediction
Approach Considering Fault Effects

Jingdong Lin, Zheng Lin, Guobo Liao, and Hongpeng Yin

Abstract—In this paper, a novel remaining useful life prediction
approach considering fault effects is proposed. The Wiener
process is used to construct the degradation process of single
performance characteristic with the fault effects. The first passage
time based remaining useful life distribution is calculated by
assuming fault occurrence moment is a random variable and
follows a certain distribution. Expectation maximization
algorithm is employed to estimate model parameters, where the
fault occurrence moment is considered as a missing data. Finally,
a Copula function is used to describe the dependence between the
multiple performance characteristics and derive joint remaining
useful life (RUL) distribution of product with the fault effects. The
effectiveness of the proposed approach is verified by the
experiments of turbofan engines.

Index Terms—Degradation process, fault effects, fault occurrence
moment (FOM), performance characteristic (PC), remaining useful
life (RUL).

I. INTRODUCTION

EMAINING useful life (RUL) prediction is a key

technology of ensuring the product’s reliability and
safety, it is also an effective path to reduce the maintenance
costs for practical product [1], [2]. Therefore, the researches
on the RUL prediction methods have drawn much attention
from both academia and engineering circles in recent years. In
general, RUL prediction means to find the probability
distribution function (PDF) of the RUL or the expectation
value of the RUL [3], [4]. Most of products have their own
performance characteristics (PCs) that increase or decrease
over time, and PCs are collectively referred to as degradation
data. As degradation data is directly related to the health
condition of the products, the prediction methods based on
degradation data become more and more popular [5]-[8].

In past few decades, there are many methods of RUL
prediction based on degradation data that have been
researched, these are generally summarized into three types:
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physical, data-driven, and hybrid methods [9]. Among these
categories, the methods of data-driven become the mainstream
direction in research of RUL prediction, because the methods
only need to establish a statistical model to fit the observations
without any assumption of physical parameters or additional
expertise. Machine learning has been extensively studied in
the past decade, it does not need to understand the degradation
mechanism of the product, but uses a large amount of data to
train the prediction model. In order to improve the accuracy of
remaining life prediction, Gebraeel and Lawley [10] were the
first to use the trained neural network to calculate the
remaining life distribution function of the device based on the
monitored data. Ren et al. [11] used the self-encoding multi-
dimensional feature extraction to characterize the health
degradation trend of the battery, and then trained the life
prediction model based on the deep neural network, and
successfully applied the method to the prediction of the
remaining life of the lithium battery. Wu et al. [12] used the
least squares support vector machine (SVM) method to fit the
performance degradation process of equipment for the
problem of only a small number of samples in reliability
analysis. Tran et al. [13] used the minimum mean variance to
establish a degenerated index of equipment, and then used the
established index as training data to complete the remaining
life prediction test of related mechanical equipment by
combining with SVM. However, because of random and
dynamic characteristics of product’s degradation process, the
stochastic-process based prediction approaches have attracted
great attention in the data-driven methods. According to Si
et al. [14], the data-driven based RUL prediction methods are
classified into two main types: indirect data and direct data
based methods, and the scope of application of stochastic
process in the prediction of RUL is illustrated in detail. The
stochastic process mainly includes Markov chains, Wiener
processes, and Gamma processes. Among them, for its
important physical interpretation and nice mathematical
properties, Wiener process can describe non-monotonic
degradation process of many typical products. It has been
widely applied to establish the degradation process and predict
the RUL of a variety of industrial components. Tseng et al.
[15] used a Wiener process to determine the lifetime for the
light intensity of light emitting diode (LED) lamps of contact
image scanners. The Wiener process was even extended to the
adaptive Wiener process model by Zhai and Ye [16]. More
detail about Wiener process applied in RUL prediction can
refer to [17].

In reality, many products usually have complex structure,
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and consist of multiple components or a component having
multiple PCs. Compared to single PC, multiple PCs can
provide more accurate information for RUL prediction. In
such a situation, a bivariate or multivariate degradation model
is needed to estimate RUL of products, where the existing
methods can be roughly classified into multivariate
distribution, multivariate stochastic process and Copula
function. Multivariate normal distribution as a popular method
has been utilized to identify a multivariate joint probability
[18]. Wang and Coit [19] conducted a degradation analysis of
a system with multiple degradation measurements, and
introduce a multivariate s-normal distribution model.
Multivariate or bivariate degradation process models based on
Gamma processes, Wiener processes are introduced by
[20]-[23]. In practice, assuming degradation data follows a
multivariate distribution or multivariate stochastic process
may not be suitable for all conditions, when degradation
mechanisms of multiple PCs are not consistent or
independent. As a useful alternative, Copula function is
employed to identify a multivariate joint probability [24]. Due
to its flexibility, Copula function has been widely used in
RUL prediction of a product with multiple PCs. Sari et al.
[25] investigated the degradation mechanisms of LED lamps,
and presented a bivariate degradation model based on Copula
function. Copula function is widely applied in degradation
modeling, reliability analysis and prognostics, more
introductions are in [26]-[29].

In practice, with the wear of the components, overload
operation, or the changes of environment factors, many
different kinds of faults may occur in the product’s
degradation process. Most of these faults are not equal to the
functional failure, product can continue to work, but the
occurrence of the fault will aggravate its degradation degree
and change the product’s degradation trajectory, ultimately
shorten the product’s RUL. Meanwhile, there are many
researches about that some product’s degradation path will be
changed at a moment and even more times during the
degradation process. More specially, after a product has
degraded down to a certain level (which can be called
transition time), the initial function form of the condition
monitoring signal may be changed, evolve more rapidly or
gradually compared to the early stage of usage. It is a quite
common phenomenon that degradation trajectory changes
during the degradation process for display devices, such as
plasma display panels, LED, and organic light emitting diode
(OLED) studied by Tang ef al. [30] and Ng [31]. Si et al. [32],
research the RUL prediction of systems with operation state
switching between the working state and storage state, and the
degradation rates of two states are different, the transition time
and transition number are derived. Cui ef al. [33] assumed that
the changing location was determinate, and the Wiener
process is employed to model the degradation process, the
first passage time of the degradation process governed by a
discontinuous trend function is studied.

However, the fault is hard to be detected, if it occurs after
observations, it means the fault may not occur in observations
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but in a future span, and its probability of occurrence
increases over time. Therefore, compared to the operation
state switches and determinate changing location, the
transition time from normal state to fault state (which can be
called fault occurrence moment (FOM)) is difficult to be
detected directly, so the changing time of the degradation rate
with the fault effects is unobservable and random. The effects
of a fault in the degradation process cannot be neglected,
because the occurrence of FOM will accelerate the failure of
the product. Moreover, very few efforts have been made to
address the RUL prediction which involves fault effects.
Besides, when a fault occurs in the degradation process, the
degradation rates of multiple PCs will be changed at the same
time, which is shown in Fig. 1. In addition, PCs may be
dependent because of the strong coupling between the
product’s components. Therefore, our final goal is to estimate
the RUL joint distribution of multiple dependent PCs
considering fault effects.
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Fig. 1.
two states.

The degradation process of multiple performance characteristics for

In this paper, in order to solve the problem of the product
RUL prediction with the fault effects, the proposed approach
is divided into two parts. First, a degradation model based on
the Wiener process is used to account for the changing of
degradation process. In the presented model, the drift
coefficient is utilized to describe the fault effects for the whole
degradation path, and the diffusion coefficient characterizes
the stability of the degradation process respectively. Then, the
RUL distribution of the product based on the definition of first
passage time is obtained, where it is assumed that FOM is a
random variable and follows a certain distribution. In this
work, the FOM is regarded as a missing-data in the
observations since the FOM can not be detected directly,
expectation maximization (EM) algorithm is employed to
tackle the problem of parameter estimation. Then, the product
RUL for single PC considering fault effects can be estimated.
Second, as multiple PCs will be influenced by the fault at the
same time, and may be dependent during the degradation
process. A Copula function is used to describe the dependence
between multiple PCs and derive the RUL joint distribution of
the product based on the RUL distribution of single PC with
the fault effects.

The main contributions of this paper are summarized as
follows:
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1) A novel product RUL prediction approach is proposed
for the problem that degradation process is impacted by the
fault effects, which considers the FOM as a random variable
and follows a certain distribution. To the best of our
knowledge, this is the first time to consider fault effects into
the RUL prediction.

2) As FOM cannot be detected directly after observations,
which causes the incomplete observations, FOM is regarded
as a missing-data in problem of parameter estimation. EM
algorithm is used to estimate parameters of degradation model
and fault distribution simultaneously.

3) For the multiple PCs will be affected by the fault and
may be dependent during the degradation process, Copula
function is employed to describe the dependence of PCs and
obtain the joint distribution function of the product’s RUL.

The rest of this paper is organized as follows. In Section I,
the degradation model based on the Wiener process is
established considering fault effects. RUL distribution is
discussed in Section III. Section IV focuses on the method of
inference for the unknown parameters. The RUL prediction of
product with multiple PCs that are influenced by fault is given
in Section V. The experiments and results analyses are given
in Section VI to illustrate the effectiveness accuracy of the
proposed method. Finally, some concluding remarks and
discussions are made in Section VII.

II. DEGRADATION MODEL WITH FOM FOR SINGLE PC

As a mathematical expression of Brown motion (BM),
Wiener process has been widely used in degradation
modeling. Consider single fault occurs in the degradation
process, which can be described by changing the drift
parameter of Wiener process. In this section, we focus on the
degradation process models governed by the Wiener process
considering fault effects. In general, a Wiener process based
degradation model can be represented by

X)) =X0)+At+0B(1) 1)

where A is a drift coefficient, o is a diffusion coefficient and
B(1) is a standard BM, B(r) ~ (0,f), X (0) represents the initial
value of the degradation process. Without loss of generality,
X (0) is zero, so X (1) ~ N(At,02¢).

1) Continuous Degradation Model Considering Fault
Effects

Equation (1) demonstrates a normal degradation process,
but through the above analysis in Section I, the fault may be
generated during the degradation process, so the product
suffers additional load, and this state has a higher degradation
rate than the case in the normal state. The FOM separates the
whole degradation process into two states, the former is a
gradual degradation state expressed and the latter one is a
rapid degradation state. Therefore, the whole process can be
described by changing drift function, the diffusion coefficient
o is assumed to be the same during the both states. The
degradation process considering fault effects is then indicated
as

1<t

X(t):{/lleo-B(t), @)

OLX{t-1T)+ A1 XT+0B@{), t>71
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where 7 is the FOM, A; and A, are the degradation rates for
t <7 and t > 7, respectively. X(f) is normally distributed as
X ~NQt,0%) for t€[0,7) and X() ~ N (t—7)+ AT,
o21) for t € [1,+00).

2) Increment Degradation Model Considering Fault Effects

As the measurement time is discrete, we suppose that m
similar products are tested, and X;; denotes the degradation
observation value of performance characteristics for product i
attime ¢; , {i=1,...,m;j=1,2,...,n;}, where n; is the number
of inspection time of each product. 4X; ;= X; ;1 —X;; from
At;j=t; j+1 —t;,j. The increment degradation model consider-
ing fault effects can be divided into three cases.

Case I: (1>t j+1)

¥*
t b p
4X; ;= /lIAt,"j+O'B(Ati’j) 3)
Case 2: (l‘i’j <7< l‘,',]q_])
* *
t,./ T L, Jj+l
AX,',]' =1 (T - ti,j) + Ay (l‘l',j+1 - T) +0B (Al‘m’) (4)
Case 3: (1 <t)
- - -
T L L ja
AXI"J' = /lzllti,j +o0B (Al‘i’j) (5)

where three cases respectively represent the FOM occurs after
the increment, FOM occurs in the increment, FOM occurs
before the increment.

According to specifications above, the PDF of the increment
AX; ; is expressed as

£(AXi j1(0)
2
1 o (AX,',]'—/hAli’j) pe1
\27At o 20208 |
1 exp((AXi’j_/ll (T—l‘,‘,/’>—/12(l‘,"j+1—7'>)2
= 1/27TAll"j0' 20—2Ati ’
k=2
1 o (AX,',]' - /leli’j)z be3
\2nAt; jo 20—2Ati,j ' -
(©)

where k =1,2,3 denote the scenarios 7 > 1 11, 1i,j < T <t js1,
and T <1, ;, respectively.

Here, our attention is paid on not only the degradation
model for single PC considering fault effects, but also RUL
distribution and parameter estimation. Therefore, two
important parts in the following sections are described in
detail.

III. RUL DISTRIBUTION COSIDERING FAULT EFFECTS

In general, the prediction for product’s RUL often means to
find its PDF or cumulative distribution function (CDF) of
RUL distribution and calculate the expectation value finally.
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Therefore, one of the main goals is to obtain RUL distribution
for the product. Based on the concept of the first passage time,
a product is regarded as to be failure, when its degradation
value exceeds the preset failure threshold. Suppose w is the
failure threshold, and X;; has not exceeded the failure
threshold w. The lifetime 7 under the concept of the first
passage time is expressed as

T =in f{t: X(r) > w|X(0) < w}. @)
Therefore, let L; ; denote the RUL at time #; ; as
L,',jZin{l:X(l,"j+l)ZWlX,"j<W} ()

where [ is the time interval of a product that from normal state
to failure state.

At first, consider the degradation process without the fault.
According to properties of the Wiener process, the CDF of
RUL in the normal state follows the inverse Gaussian
distribution

Fr;(0=P(Lij<t.Z))

—w+ At At—7;
:(D( O-\/Z )+6Xp( PP XZ(W—Z,'J))

(—W—/ll‘+2Zi,J’)
XO| ———=
ot

where ®(-) is a standard normal distribution, Z; ; represents
current observation value at observation time #; ;.
The corresponding PDF is

—7 — 7 =)
WL o) WA AT )
270213 202t

However, the degradation process in (2) is divided into two
parts by FOM 7. The PDF of RUL distribution should also
consist of two parts, and if the FOM is determined and its
position is known in observations, the PDF can be expressed
as

©

Jr,; =

MO
W—Zi,j (W—Z,',j—/hl‘)2 0
N =T o
w—Z2; ox _(W—Zi,j—/lz (t—T)—/ll‘I')2
V2ro?s3 202t ’
(1

where 0 <7< 7 denotes the no fault occur in the product
degradation process, > 7 denotes the fault will occur in the
product degradation process.

Because the FOM is unobservable in the future, it is
impossible to know its precise position, so form (11) is not
applicable. To derive the RUL distribution, the FOM is
regarded as a random variable which is assumed to follow a
certain distribution, and the CDF and PDF of the FOM are
f(7;0,), F(t;60;), respectively, where 6; is the set of unknown
parameters of distribution function. The CDF of RUL
distribution can be then expressed as
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Fu,, () = f:m (Fr,, 0 (1, w)) x fr (x,00) d

[P, (10 6=+ 4m. 0w fr (r,60) dr

= Fr,; (1) (fl11,0%,w) X (1 = F (1,6,))

+ f; (Fr,, 0 (12 1=+ im0 w)| X i (.60 d.
(12)

IV. PARAMETER ESTIMATION

According to above specification, the unknown parameters
considering fault effects consist of 8, = {1;,4,,0} and 6;. In
this section, we focus on the issue of parameter estimation
under the assumption that the FOM is a random variable.
FOM 7 cannot be observed in the future span, this will cause
the incomplete observations, and the FOM is regarded as a
missing data in the observations. In a missing-data problem,
EM algorithm is used to estimate the parameters 6, 6.. The
EM algorithm consists of two steps performed iteratively. The
expectation-step (E-step) computes the expectation of the log-
likelihood with respect to the complete-data conditioned on
the observed data. The maximization step (M-step) then finds
the maximizer of this expected likelihood [31]. The two steps
are repeated iteratively until satisfactory convergence is
achieved.

For applying EM algorithm, observed data likelihood needs
to be obtained firstly. Let {r;,72,...,7,} be the FOM set
corresponding to m products which are random variables
during the degradation process of each product. Because the
FOM is random in the degradation process, the joint PDF of
increment for each product AX; is then written in three cases:

1) Fault occurs before all observations (7; < #;1),

n,'—l

A@X) =] [ FAXi103)),
j=1

J

(13)

2) Fault occurs in observations (f;,1 < 7; < t;,,),

1
B;(AX;) = {l_[ f(AXi,j'l(l))} x f(AX;1(2))
1

J=

(14)

ni—1
x{ [ ] rax ,f|(3)>}.

J=j+l
3) Fault occurs after all observations (#;,; < 7;),

n,'—l
c@xy = [ Faxii).
j=1
The joint PDF of AX; conditioned on 7; for ith product is
then expressed as

(15)

+oo
fAX,- (AXi;Hp,HT) = ff(AXi; Gp)fT(Ti;e‘r)dTi
0

i1

- IA (AX) X f-(1i:07) d7;
0
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ni—11i,j+1

3 | BiAX)x fr(xisondr

+00

+ [ C@x)x f; (ri: 60 dr.

tin;
in;

(16)

Observed data likelihood is then written as

m +oo

Lovs = [ | [ F(AX530,) % f (xiso)dr

i=1 0

m tll

= ﬂ{jA(AX)xﬁ(n, 6 dr;

i=1

ni—11ij+1

0 | BiAX)x [ (is0) dr

+00

+ [c@xyxf, (rl-;eT)dn}.

tin:
i,n;

(17)

The PDF of 7 is given, and the complete data vector
consists of {AX,At,7}, where 7 is a set of the FOMs
{t1,72,...,Tm}, the complete-data likelihood is

m

Le=[[r e

i=1
ni—

x]_[( FAXAM) X Ity > 11} + £ (A1)

XI{I,"]' <7 < l,"]ur]}+f(AX,',j|(3))XI{T,' < li,j})]

m
= l_[fT,’(Ting)
m nj—

Xl_[l_[l_[f(Alel(k) A1, A2, Tj, 0 )ktj

i=1 j=1 k=1

(18)

where d;; is an indicator variable for 7 and Az ; in three
scenarios, such as when scenario k=1,2,3 occurs, it
corresponds to the 0x; j =1, k€ 1,2,3, 6;; ; = 0 otherwise.

The complete-data log-likelihood is then written as

(L) = > In(fr,(7ir60)
i=1

3
D6k X In FAX; 1003 41, 0,77, 07).

(19)
Use the following notation for simplifying the above log-
likelihood expression

l? (6r) = ln(f‘ri (1:,67)) (20)

17 (6p) = 0 fAX; 1K) 41, 2. 71,0°2).

The complete-data log-likelihood can then be written as

21
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nj
il <ef>+i121;6k,,xz,,k (22)
= e

In order to apply the EM algorithm to solve the maximum
likelihood estimates of (/11,/12,0'2) for the case that the FOM
is not observed, the problem is firstly cast as a missing-data
problem, wherer is regarded as the missing data in
observations.

1) E-step: The goal of the E-step is to compute the
expectation of the complete-data log-likelihood of the
missing-data conditioned on the observed data AX, At.

0= E(LIAX.6.67) = 01+ Qs

p-T

m
ZE {1x(218X0)}
i=1

D)

i=1

nil

3
POIRARCAT !
k=1

~.
I
—_

(23)
where ¢ and Hf,, (b=0,1,2...,n) denote the currently iterated
estimates,b is number of iterations.

The EM algorithm is only effective for the case that the
complete-data likelihood is linearly separable in the set of
missing-data statistics, and form (23) is not analytical-form.
Therefore, the missing data 7 from the function needs to be
separated, log-likelihood expression can be written in the form
of L} = VT-m*, where the vector V consists of only functions
of the missing data 7, and m" consists of only 6,, 6, and
observe data. In the forms, the components of the log-
likelihood expressions are [ = V;‘T-ml’.‘, and l;"; = V:;T. j‘;,
where

V**T

iy 24)

T
[6lllxvuk 1 5211XV11k 2 63’J><Vljk 3]

kK ok ok Hok
my = g gy M0 M, j,k:3]' (25)

So, m* consists of m; and m;”, V consists of [} and l*j
When linear separability can be established, 1t is then
necessary to compute the expectations of V conditioned on
observed data. Form Q and Q5 given in (23) can be expressed
as respectively

0 = ZmlE(V,-*Tle,,,ef,,e”) (26)

ZZ

i=1 j=1

(Vs 1AX;, 66, 67) x m 27

l]

The conditional expectation for V' can be evaluated as
follows:

E(Vi*|AX 6 eb)

prT

1 +00
= ————— | V[ @) X fax, (AXis7) X o (767 d;
fo,(AXi;Glg,gg)g i\t i»Ti T(l T) i
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fi1

1 X {jvl.* (i) X A(AX) X fr (73362 ) d
0

T fax,(AX;;62,65)

ni—11ij+1
30 [ Vi@ xBj(AX) x f; (7362 d

J=1 4

+00
+tf Vi (1) X C(AX) X f (ri;ef;)dri}. %)
Next, the conditional expectation under the second
summation series given in (23) is computed. However, it
involves conditional expectation of 6y ; ;- l:"; o which needs to
be discussed in three cases:

Q) T2t 1=t jr1 ST i) +(T>tiy,)
s b b
E(é]si’jXV 1|AX’9p’9-r)

ni—1 tij/+1

2.

J=i g

|
fax;(AX:362,65) AL

X By (AX)X fe (1368 )dri+ [ Vi3, (xi)

t
inj

XC(AXi) X fr (Ti;é’r (ti,j+1))d7i}~ (29)
b) 1,j <T <ltj+1

E(62,,% V}5,|AX;,65.67)

T j+1

1

- |V (19)

fo,<AXi;9’;,9f,>t.f, bR
ij

X B(AX,"]')fT (T,‘;Qf)d‘l'i.

)Tt j=(T<tp))+{ti1 <TG ))

(30)

E (635X V{151AX;,65,60)

11

W“Vﬁs(Tz)xA(AX)xfT(T,, ),

— l]+1

+Z f Vi (@)X By (AX) X [ (1120 )d‘r,].
J=1 gy

G

2) M-step: Based on E-step, updateb = b+ 1, new estimates

for #” can be generated by solving for the complete-data MLE

to (23). As Q) only contains 6, and Q, only contains 6, the

estimator vectors 62 and Hf, can be calculated by (32), (33),
respectively.

One iteration is completed through M steps, repeat the

above two steps so that when the parameters tend to converge

or the number of iterations is reached, the iteration will be
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stopped.
* b

o0 a[z E{v;iax)’ xm (o )] B}

Fr o968
(32)

** T

00> _ 6[27;1 Zk 1 B0k j % i,j,k'AX} l,k(eb)] -0

oeh o6’ '
(33)

Algorithm 1 The Computational Procedure for the EM Algorithm

1: Begin with an initial set of estimates for 90, H(T) , initialize the
iteration b = 0.

2: Obtain Q in (23), the complete data likelihood conditioned on
AX by using (28)—(31).

3: Update b = b+1. Compute the MLE b, 9? by using (32) and
(33).

4: 1If satisfactory convergence of unknown parameter or
expectation value is achieved, the procedure terminates. Otherwise
go to Step 2.

V. RUL PREDICTION OF PRODUCT WITH MULTIPLE PCS
The RUL prediction of the product with single PC
considering fault effects can be calculated by Sections II-IV.
As the occurrence of the fault can change the degradation
trajectories of multiple PCs, the final goal is to obtain RUL
prediction of product with multiple PCs. Suppose that a pro-
duct has n PCs, and these PCs are observed at the same measure-
ment time. The RUL distribution Fy ©) (t) {c=1,...,n} for cth
degradation feature at #; ; can be calculated by Sectlons I-1v
considering fault effects. At first, when multiple PCs of the
product are independent, the RUL of the target product at time
t;,j can be expressed as L;; = min{Lgl.), ,L(.j“j)}. Therefore, the
joint CDF of product’s RUL can be calculated by
Fy, (1) = (L, i< t) P(mln(Lfl?, ,L(.f’j)) < t)
= 1= P(min(2,..L0) > 1)
= l—P(LE’lj) > t,...,Ll(.f’j) > t)

-] ]

c=1

n
=1- ]_[(1 -P

c=1

n
-1 [ T0-F)

c=1

Then, the joint PDF of product’s RUL f;, (1) = F t,,-,,- . Itis
casy to get the RUL distribution, if PCs are independent
during the degradation process. However, as one of our main
issues in this paper, it is not appropriate to ignore the
dependence among multiple performance characteristics. To
capture the dependence among multiple degradation features,
the Copula function is employed to obtain the product’s joint
RUL distribution. The Copula function has been widely

(<

(34
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adopted to modeling the dependency between PCs, due to its
flexibility to link the relationship between the univariate
marginal distributions and the joint distribution. According to
Sklar’s theory [34], suppose that F(y;),F (y2),...,F (y,) are
CDFs of random variables yi,ys,...,y,, respectively, a joint
distribution function H (y,y2,...,¥,) for yi,y2,...,y, 1is
constructed through a multivariate Copula function as

H(yl,yz,---,yn):C(F(yl),F(YZ),---,F(yn);a’) (35)
where C(-) is the Copula function, a denotes Copula

parameter, it can be calculated by Kendall’s tau shown in
Table 1.

TABLE 1
FIvVE COMMON COPULA FUNCTIONS
Copulas C(up,uz,... uy;@) Relationship
Gaussian CD(CD" uy),..., 7! (un)) tau = %arsin (@)
t t(t’l(ul),...,t’l(un)) tau = %arsin(a)
R -/
Clayton (Z i —n+ 1) tau = 5~
i=1
n la
Gumbel exp{f[z (7lnu,-)”] } tau=1-— i
i=1
Frank -1 ln(l + M (e ™i-1) ) tau = 1 +42@-L
@ (e—o—1)"1 - @

where ®@1(+) is the inverse of standard normal distribution, #() denotes
student # distribution, #(*) is the inverse of student t distribution.

The dependence of multiple variables is characterized by
(35). By using different Copula functions, different types of
multivariate distribution functions can be constructed. Popular
multivariate Copula functions include: the Gaussian Copula,
the Frank Copula, the Gumbel Copula, and the Clayton
Copula. The corresponding five forms are shown in Table I,
and more detail about Copula function can refer to [34].

Based on the RUL distribution for each PC has been
predicted, and according to the Copula theory, the joint CDF
of RUL distributions can be calculated as

Fiy)=CE) 0, F2 0, .F"():0).  (36)

Then, the joint PDF of the product’s RUL distribution can
be calculated as

o, =cF 0. FQ 0. F 0 [ [ 90 37)
y 5] L o]

where c(+) is a derivative function.

The Akaike information criterion (AIC) is used to select the
most suitable Copula function to link the marginal distribution
function, and the smaller value of AIC denotes better, AIC is
defined as

AIC =2¢-2In(L) (38)

where g denotes the number of unknown parameters in the
model, In(L) is the maximum value of the log-likelihood
function.

VI. EXPERIMENTS AND RESULTS ANALYSES
In this section, an open source degradation dataset of
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turbofan engines denoted by “FD001” (please refer to [35]) is
used to verify the proposed approach. The dataset includes 26
columns of data, the 1st to the 3rd columns represent the
engine’s serial number, the number of engine flight cycles, the
engine’s settings under different operating conditions,
respectively. Then, the 6th column to the 26th columns
represent 21 sensors, each sensor corresponds to a PC of the
engine, and these sensors have collected sufficient degradation
data from the engine. The parameters measured by sensors
include total temperature at fan inlet, total temperature at low-
pressure compressor (LPC) outlet, total temperature at high-
pressure compressor (HPC) outlet, total temperature at low-
pressure turbine (LPT) outlet, pressure at fan inlet, total
pressure in bypass-duct, total pressure at HPC outlet, physical
fan speed, etc. Some measurements are constant value, such as
the 6th, the 10th, and the 21st. Some measurements vary over
time, such as the 12th, the 14th, and the 19th. The dataset
includes one training set and one testing set of 100 engines
respectively. The engine operates normally at the start of each
time series, and develops a fault at some point during the
series. Each unit in the training set runs from initial
degradation until the system fails, there are 20631 sets of
monitoring data in the training set. The longest life span in the
training set is 378 cycles, and the shortest life span is 128
cycles. In the test set, the time series is before the system fails,
and there are 13096 sets of monitoring data. In the training
dataset, the engine operates normally at the start of each time
series, and develops a fault at a moment during the series,
when the fault occurs, PCs begin to degrade rapidly until
failure.

At first, the monotonicity of each performance characteristic
is evaluated by the Spearman coefficient, which is expressed
as

i B M- T - X))

VST TP S (- X1, )
where T4 and Xi:k are the means of {T1,7,...T¢} and
{X"l,Xé, ...,X}} of the ith feature.

When the degradation value of a PC monotonously
increases or decreases over time, the trendability value is not
equal to zero. In contrast, if the degradation value of a PC is
constant or varies randomly over time, the value is zero. So, a
higher trendability means a better monotonicity. The
trendability values of 21 sensors are calculated by Spearman
coefficients and the results are shown in Table II. The values
of Sensor 9 and Sensor 14 are bigger than others, so they are
selected as two key PCs. In the training dataset, some units do
not have an increasing trend, 65 units that have an increasing
trend used to verify the proposed method are selected as
training data. For simplicity, Sensor 9 is named as PCl,
Sensor 14 is named as PC2.

The dataset contained unknown noises to a great extent.
Because the noise sources are complicated and indeed not
available, it is difficult to directly use the original observed
data. Therefore, moving average filtering is applied to
eliminate the high frequency fluctuations from the degradation
paths. The denoising results of two degradation features in

(39)
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TABLE II
THE TRENDABILITY VALUES OF 21 SENSORS
Sensors (1) 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
Trendability values (p) 0 0.63 0.62 0.84 0 093 0.84 090 093 0 088 087 090 094 076 0 064 0 0 0.77 0.73

——Original data

Smoothing data

Number

9200
——Original data
Smoothing data 8240
9160
— o 8200
Q9120 9
N
9080 - ; 8160
*
el
s
9040 rk‘ . . . . 8120 .
0 40 80 120 160 0 40

The observed time (Cycle)
(a)

Fig. 2.
Engine 3 are shown in Figs. 2(a) and 2(b), respectively.

A. The Experiment for Single PC Considering Fault Effects

The RUL predictions of product with PC1 and PC2
considering fault effects are discussed separately. For a
comparison purpose, traditional Wiener process that considers
no fault effects is used to this dataset. As FOM is a random
variable and assumed to follow a certain distribution, the
distribution 7 followed that should be determined under the
training data. The method of combination of cumulative sum
charts (the detailed principles can refer to [36]) is used to
roughly discriminate the position of the fault occurrence for
100 engines, and the bar graph is shown in Fig. 2(c). Through
the distribution histogram for 100 engines, the FOM 7 can be
assumed to follow a normal distribution, T ~ N(ur,0-2). The
PDF is then written as

fTi6;) = (40)

(1 —ur)’
20.2 )

1
exp
!

Then, I; (6;) and [}%, (6,) in (20) and (21) can be written as

2 2
XTi T
1;*(9,):(_111 \/Ea,—z‘sz) iiALLA: (41)

o o2 20,2

i jy k=1
La(0p) = bij+eijxtitdiyxtf, k=2 (42)
eisj’ k = 3
T (AXiy— A
aij:_ln 2ﬂAtij0'2—M
’ ’ 202AtL;
AX: i — LA i1+ A At,_Z
bij = —In \/27At; jo? - (AXij =4 ;’J“ 1A1;,5)
20 A[i,j
o 2AX = Aol + A~ )
ij=

20’2Ali’j

=)
a 20’2Ali,j

The observed time (Cycle)

100 150 200 250 300
The FOM

(©)

I I I 0
80 120 160 0

50

(b)

The denoising results of two degradation features in Engine 3 for (a) PCI and (b) PC2; (c¢) Histogram of FOM for 100 engines.

(AX; j— LA )?

e; i =—In [2nAt; jo% —
b b 20’2Ati’j

Because the EM algorithm is effective only for the case that
the complete-data likelihood is linearly separable in the set of
missing-data statistics, the conditional expectation needs to be

linearly separated, so [; (6;) and lfj (91,,97) are expressed as

[; (0:) = Vi xm;

2
T u u 1
:[1,7’,-,1'?] x|—In V2r0? — Tz, 72,— 5
207 07 20,
l** 9 9 _ V** V** V** TX kK kK T3
ij\fp> ) = [Vij Vij2s Vi3 M 1> Mijo> M j3

= [1, 1,T,’,Tl-2, 1][a,<,j,b,',j,ci,j,d,',j,ei,j]T.

Therefore, when we assume that fault point 7; is normally
distributed, the complete-data log-likelihood function is
separable. Then, the conditional expectation can be evaluated
by (28)-(31), for Q; and Q,, the maximum likelihood
estimators for 6, = {u_,0}, 8, = {11,42,07} can be updated by
(32), (33). Finally, the unknow parameters can be obtained,
when the iteration is terminated.

The dataset is given min-max normalized treatment, and the
failure threshold of each engine is the value at the end of
trajectory, so the failure threshold of each unit is 1. Then, the
unknown parameters of the degradation model for each PCs
can be estimated by EM algorithm, and the distribution
parameters of the FOM are also estimated u,=143.1,
02 =58.2, the parameters of degradation model for two PCs
are presented in Table III. Finally, each PC’s RUL distribution
considering fault effects can be calculated by (12). For
comparative purposes, the Wiener process based conventional

TABLE III
PARAMETER SPECIFICATION
Situation N A, o2
Proposed model for PC1 0.0014 0.0141 1.1144E-04
Proposed model for PC2 0.0016 0.0136 1.1173E-04
Conventional method 0.0055 0.0055 1.1234E-04
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Fig. 3. The prediction results of proposed model: (a) PC1; (b) PC2; (c) Conventional model.

method without considering fault effects is used to predict
engine’s RUL, where the unknown parameters are estimated
by maximum likelihood estimation (shown in Table III), and
the existing machine learning algorithms: convolutional neural
network (CNN) and multilayer perceptron (MLP) are
employed to compare the proposed methods in this paper [37].

The prediction results of three methods are shown in
Figs. 3(a)-3(c), and the comparison results of three models at
different observed time are shown in Table IV. The mean
absolute error (MAE) and root mean square error (RMSE)
average error percentage are used to evaluate the accuracy of

TABLE V
ACCURACY ANALYSIS OF THE PREDICTION RESULTS

Method Maximum error (cycles) MAE RMSE
Conventional method 76.76 7333 73.38

Proposed model for PC1 11.34 7.57 8.20
Proposed model for PC2 13.91 9.60  10.08
Independent 8.73 5.68 6.24

CNN 7.72 4.12 5.42

MLP 9.46 5.46 6.81

the prediction results. When the values of MAE and RMSE  B. The Experiment for Multiple PCs Considering Fault Effects

are smaller, the accuracy of prediction is higher.

1 n
MAE =~ 3" |P} - P|
n
i=1

RMSE =

1 n
;Z;(PT‘Pi)z
i=

where P; is the actual life and P; is predicted life at the ith
prediction moment.

TABLE IV
COMPARISON OF RUL PREDICTION
Actual value (cycles) 52 47 42 37 32
Conventional method 126.63 120.12 115.62 113.76 100.54
Proposed model for PC1 55.03 52.06 50.06 48.34  42.38
Proposed model for PC2 57.01  54.10 5342 4791 4554
Independent 5401 50.50 48.03 45.12  40.73

Table V shows the accuracy analysis from the prediction
results of conventional method and proposed method for
single PC, the maximum error is 76.76 cycles for conventional
method, proposed method for PC1 and PC2 is 11.34 cycles
and 13.91 cycles, respectively. Moreover, compared to con-
ventional method, MAE and RMSE of the proposed method
for single PC are reduced significantly, which demonstrates
that the proposed model will be quite useful for the
observations with the fault effects. However, compared to
CNN and MLP, MAE and RMSE of the proposed method for
single PC are higher, it shows that the accuracy of prediction
for proposed method for single PC is not the highest.

As above analysis, multiple PCs’ degradation trajectories
will be changed by the FOM, and PCs may be independent or
dependent during the degradation process. When the two PCs
are considered being independent firstly, it can be calculated
by (34), the prediction results are shown in Fig. 4, and the
expectation value is calculated in Table IV. Meanwhile, as
shown in Table V, MAE and RMSE of the prediction method
with multi-PC independent considering fault effects have
reduced to a certain extent, which shows that the prediction
accuracy of remaining life considering multiple parameters is
higher.

—+— Actual RUL
—— Independent
— PCl1

0.20

0.15

Probability
f=]
S

0.05 ‘
0 \¢

150 -

- 200

T o,

eq Iy

'm, 130
e (Cycle) 125 0 QUL (©y c\e)

Fig. 4. The prediction results of proposed model of PC1, PC2, Independent.

However, PCs are usually dependent during the degradation
process. The Copula function is employed to describe their
dependence and obtain the joint PDF of RUL distribution. As
shown in Table II, there are five commonly used Copula
functions. The AIC of different Copula functions is calculated
by (38), and the AIC of Clayton function is smaller among
these five Copula functions. Therefore, Clayton function is
selected to link the marginal distribution function, where the
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TABLE VI
ACCURACY ANALYSIS OF THE PREDICTION RESULTS
Actual value (cycles) 52 47 42 37 32 MAE RMSE
Conventional method 49.52 44.48 4431 38.26 30.74
Engine 3 .
The observed time 127 132 137 142 147 1.97 2.05
o 0.4821 0.4834 0.4163 0.4426 0.4698
Actual value (cycles) 49 44 39 34 29 MAE RMSE
Predicted RUL 48.25 44.97 41.71 37.48 32.61
Engine 4 .
The observed time 140 145 150 155 160 2.30 2.61
o 0.3435 0.3775 0.4118 0.4457 0.4852
Actual value (cycles) 60 55 50 45 40 MAE RMSE
Predicted RUL 59.15 55.72 52.04 48.58 41.91
Engine 11
The observed time 180 185 190 195 200 1.82 2.09
o 0.3610 0.3497 0.3160 0.3165 0.2546
Actual value (cycles) 210 215 220 225 230 MAE RMSE
) Conventional method 67.14 62.35 58.30 52.82 48.64
Engine 17
The observed time 66 61 56 51 46 1.85 1.93
o 0.3574 0.3510 0.3564 0.3575 0.3592
0.7 0.16 0.16
PC1 PCl1 PC1
14+ 14 +
06 — PC2 0 — PC2 0 — PC2
0.5 — Independent 0.12F —— Independent 0.12 — Independent
E Dependent E 0.10 + Dependent E 0.10 + Dependent
g 04F *  Actual value 5 008 *  Actual value 5 0.08 | = Actual value
e e} ‘ o -
° 03 I °
& £ 006} £ 0.06f
0.2 0.04 0.04
0.1 0.02 0.02
0 ' ' : ' 0 ' : 0 : '
0 40 80 120 160 0 40 80 120 160 0 40 80 120 160
RUL (Cycle) RUL (Cycle) RUL (Cycle)
(a) (b) (©)
Fig. 5. Three prediction results at different observed time: (a) The observed time 142; (b) The observed time 137; (c) The observed time 1132.

corresponding Copula parameter @ can be calculated by
Kendall’s tau. Therefore, the product’s joint PDF of RUL of
the 3rd engine can be calculated by (37), and the
corresponding expectation value is calculated in Table VI. In
order to compare and analyze the prediction results better, the
RUL distributions of the three prediction times of the
proposed method under three different situations (only one
PC, independent, dependent) are selected to be depicted on the
two-dimensional plane, shown in Figs. 5(a)-5(c).

From Table V and Table VI, compared with CNN and
MLP, it is clearly to see that the MAE and RMSE of the
remaining life prediction method under the multi-parameter
dependent considering fault effects are minimum, it proves
that the prediction accuracy of this method is the highest, and
the stability of the prediction is also the best. In other words,
compared to considering fault effects with single-PC or multi-
PC independent, considering fault effects with multi-PC is
more reasonable. In addition, in order to reflect the generality,
the RUL prediction method under multi-parameter dependent
considering fault effects is applied to Engine 4, Engine 11 and
Engine 17, respectively, and predicted RUL distribution
curves are shown in Figs. 6(b)-6(d), the predicted results are
shown in Table VI. It can be obtained that the MAE and

RMSE of each engine RUL prediction results are very small,
and they are about same as Engine 3, which proves the
effectiveness of the method.

VIL

This paper concerns a problem of predicting RUL
considering fault effects. Wiener process is employed to
construct the degradation model of single PC with the fault
effects. The RUL distribution is discussed based on the
definition of first passage time, where the FOM is considered
as a random variable. EM algorithm for the problem of
parameter estimation is presented. Copula function is
employed to describe the dependence between PCs and obtain
the joint RUL distribution. The effectiveness of the proposed
approach is demonstrated with experimental results.

The current study only considers single fault occurring in
the product degradation process, but there may be multiple
faults occurring in the degradation process. Therefore, the
proposed approach may be extended to accurately predict
product RUL where multiple faults may occur in the
degradation process. Moreover, the degradation process with
the fault effects of this paper is established by the linear
Wiener process. In practice, the product degradation process

CONCLUSIONS AND DISCUSSIONS
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often exhibits nonlinear characteristics, which limits the
application of the linear model, degradation model with the
fault effects based on the nonlinear Wiener process is worthy
of further exploration.
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