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Abstract: For the large number of nonlinear degradation devices
existing in a project, the existing methods have not systematically
studied the effects of random effect on the remaining lifetime (RL),
the accuracy and efficiency of the parameters estimation are not
high, and the current degradation state of the target device is not
accurately estimated. In this paper, a nonlinear Wiener degrada-
tion model with random effect is proposed and the corresponding
probability density function (PDF) of the first hitting time (FHT)
is deduced. A parameter estimation method based on modified
expectation maximum (EM) algorithm is proposed to obtain the
estimated value of fixed coefficient and the priori value of random
coefficient in the model. The posterior value of the random coeffi-
cient and the current degradation state of target device are updated
synchronously by the state space model (SSM) and the Kalman
filter algorithm. The PDF of RL with random effect is deduced. A
simulation example is analyzed to verify that the proposed method
has the obvious advantage over the existing methods in parameter
estimation error and RL prediction accuracy.
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1. Introduction

With the rapid development of condition monitoring (CM)
technology, to predict the probability of failure in the fu-
ture for a certain period of time has become a hot is-
sue in the research of prognostics and health management
(PHM) technology [1,2]. Stochastic degradation device
refers to the device whose performance degrades in opera-
tion process due to the combined effects of internal stress
and external environment, such as metal fatigue crack in-
creasing [3], lithium battery capacity reduction [4,5], laser
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electrical performance attenuation [6] and so on, and may
further evolve into a failed device. For this type of device,
the monitored performance degradation information of de-
vice is used to carry out its health assessment, predict its re-
maining lifetime (RL) and determine the best maintenance
time, which is of great significance to ensure its safe oper-
ation, reduce the maintenance cost and improve the relia-
bility.

Taking into account the random dynamic of actual oper-
ating environment and stress of device, it is generally be-
lieved that the RL has a random uncertainty [7,8], so the
RL prediction is mainly to obtain the analytical expression
of the RL distribution function. The current RL prediction
methods are broadly divided into two categories: mecha-
nism model based method and data-driven method [9]. The
mechanism model based method is to establish a mathe-
matical model for describing the device’s failure mecha-
nism. However, with the increasing complexity of the in-
ternal structure of the device, the difficulty of establish-
ing the mechanism model is gradually increasing, which
makes this method difficult to apply.

The data-driven method can be further subdivided into
the artificial intelligence method and the statistical data-
driven method [10]. The artificial intelligence method is to
fit the performance degradation trend of the device by ma-
chine learning skill with the known degradation data and
extrapolate the point estimated RL value, which is hard
to reflect the random uncertainty of the RL and makes
the application of this method limited. The statistical data-
driven method is to model the CM degradation data by
establishing the statistical or stochastic model and further
derive the probability density function (PDF) of the RL,
which makes the research and application of this method
important. Common stochastic models are the Wiener pro-
cess, the Gamma process and the inverse Gaussian process.
Among them, the Wiener process has been widely used in
reliability analysis and RL prediction because of its good
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computing characteristics and description of random un-
certainty [11]. At present, the RL prediction method based
on the Wiener process has three main steps.

The first is degradation modeling. From the viewpoint
of engineering demand, it is necessary to take the indivi-
dual degradation differences, the nonlinearity and the time-
varying dynamic characteristics into consideration when
modeling the performance degradation data of the simi-
lar devices. However, most of the existing methods are not
considered. The nonlinear degradation modeling with ran-
dom effects and measurement error has not been systema-
tically studied. Wang et al. [12] studied a linear degrada-
tion modeling based on the Wiener process, which is dif-
ficult to apply to nonlinear degradation. Kaiser et al. [13]
used data conversion technology to convert the nonlinear
degradation data into linear data under the assumption that
the total degradation path can be linearized, and then stud-
ied linear degradation modeling, but this method has a cer-
tain limitation. Si et al. [14] and Wang et al. [15] proposed
a generalized nonlinear Wiener degradation model and de-
duced the corresponding PDF, which has a good practi-
cability. Du et al. [16] proposed a degradation modeling
method which can deal with linear and nonlinear hybrid
systems at the same time.

Random effect refers to the individual degradation dif-
ferences among similar devices. Variables used to describe
random effect are called random coefficients. Peng et al.
[17,18] first considered the impact of random effect on
the parameter estimation for the linear Wiener degrada-
tion model, who treated the random coefficient as a nor-
mal or partial normal variable. However, his study has not
extended to the nonlinear degradation model. Feng et al.
[19], Tang et al. [20] and Zheng et al. [21] proposed a non-
linear Wiener degradation model with measurement error
and deduced the approximate analytical PDF of the first
hitting time (FHT) through a complex theoretical deriva-
tion. However, the influence of the measurement error and
the variance term of the random coefficient are still lack
of research. Tang et al. [22] also studied the problem of
accelerated degradation modeling with random effect.

The second is parameter estimation. In order to ob-
tain the estimates of the fixed coefficient reflecting over-
all degradation characteristics and the priori values of the
random coefficient, the commonly algorithms are the max-
imum likelihood estimation (MLE), the two-step maxi-
mum likelihood estimation (TSMLE), expectation maxi-
mum (EM) and so on. MLE is to build the likelihood func-
tion and estimate the unknown parameters under the as-
sumption that the difference between the degradation val-
ues at the adjacent monitoring time or the difference be-
tween the degradation value and the initial degradation
value at each monitoring time obeys the normal distribu-
tion. MLE has been applied to linear degradation models,
nonlinear degradation models [14,15], degradation models
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with measurement error [23,24] and so on, but the disad-
vantage is that the variance term of random coefficient may
be negative. TSMLE can guarantee that the variance term
of the random coefficient is always positive by firstly es-
timating the random coefficient value of each device and
then estimating the mean and variance of random coeffi-
cient, but the estimated value of this method is often the
local optimal value [20,25]. The EM algorithm considers
the drift coefficient of each device in the likelihood func-
tion as an implicit variable and the parameter estimates are
obtained by the recursive estimation method. This algo-
rithm can obtain the optimal estimate of the parameter and
guarantee that the variance term of the random coefficient
is positive, but the convergence of the likelihood function
is too slow [26].

The third is updating the random coefficient online and
obtaining the PDF of the RL. For the RL prediction of
the target device, it is necessary to update the random co-
efficient by its historical CM information and obtain the
posterior value of random coefficient to meet its individ-
ual degradation characteristics. Gebraeel et al. [27] first
used the Bayesian method to update the posterior value
of the random coefficient and deduced the relationship be-
tween the priori and the posterior values of the random
coefficient. Tang et al. [28] extended this method to the
RL prediction with measurement error, and deduced the
corresponding calculation formula of the random coeffi-
cient posterior value. However, the disadvantage of this
approach is that it does not accurately estimate the cur-
rent state of the target device and may lead to a potential
prediction error.

In order to synchronously update the random coefficient
and the current degradation state, the existing method is
usually to apply the state space model (SSM) to describe
the degradation trend of the target device [21] and use the
Kalman filter to iteratively estimate the random coefficient
posterior value [19,29]. Wang et al. [12] and Si et al. [30]
added an error term in the drift coefficient of the SSM,
which may lead to a negative value of the drift coefficient.
Thus the existing SSM needs to be modified.

The study of the RL distribution is mainly based on the
PDF of the FHT. Si et al. [31] deduced the RL distribu-
tion function based on linear Wiener with random effect
proposed by Peng et al. [17]. Then some scholars have
deduced the RL distribution function based on nonlinear
Wiener [15], nonlinear Wiener with measurement error
[32] and multivariate nonlinear Wiener [33].

In summary, this paper proposes a nonlinear degradation
model and RL prediction method with random effect for
nonlinear stochastic degradation device. Firstly, the non-
linear Wiener degradation model is established, and the
PDF of the FHT is deduced with random effect. Then, the
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parameter estimation method based on the modified EM
algorithm is proposed. The estimated value of fixed coef-
ficient and the priori value of the random coefficient are
obtained. Finally, the Kalman filter algorithm and the mo-
dified SSM are used to update the posterior value of the
random coefficient and the current degradation state. The
correctness of the proposed method is verified by a simu-
lation example.

2. Nonlinear degradation modeling

Assuming that there is only one key performance parame-
ter for a certain type of device, the failure threshold is w.
The nonlinear stochastic degradation process is expressed
by the nonlinear Wiener process as follows:

X(t) = X(0) + M(t;0) + 05 B(t) 1)

where, A is the drift coefficient; op is the diffusion co-
efficient; B(t) is the standard Brownian motion, describ-
ing the dynamic characteristics of the degradation process;
A(t; 0) is the time ¢ of the continuous non-decreasing func-
tion (@ is the unknown parameter vector), describing the
nonlinear feature; X (0) is the initial degradation value.
Without the generality, let X (0) = 0.

For a given A, the PDF of the device FHT is approxi-
mately [25] as

fria(tA) ~ W [w— AB(t;0)] -
_ . 2
exp _(“}2)‘0# )
B
with
B(t;0) = A(t;0) — tA'(t; ). 3)

In order to reflect the random effects among similar de-
vices, the drift coefficient )\ is generally regarded as a nor-
mal variable, namely A ~ N(p, 03). Firstly, introduce the
following lemma [21]:

Lemma 1 If A ~ N(u,0?), wi,ws, A,B € R and
C € RT, then
— B)\)?
Ea |:(UJ1 — A)\) exp <—%>:| =
/ C _ABw202+uC' '
B2g2 +C w1 B202 +C
_ (wy — Bp)?
P [ 2(B202+ C) | @

For A ~ N(ux,0%), the full probability formula is as
follows:

fo(t) = L Fra(tNPAA = Exlfrn (V] )

where p(A) is the PDF of .

According to Lemma 1 and (2), we can deduce that the
approximate analytical PDF of the device FHT is deduced
as

1
fr(t) & ————gr(t) (6)
J' gT(t)dt
0
with
(t) ~ ! -
I a2 At 02 + o]
(w — prA(t; 0))?
o [‘2<U§A<t;e>2 +a%t>] '
_ w— puxAt;0) 5
|:’UJ - IUAA(ta 0) - Ui/l(t; 0)2 ¥ UQBtUAA(tv 0):| . (7)

3. Parameter estimation

Without the generality, let A(t;0) = t° (b is an un-
known parameter). The unknown parameter set in the
above nonlinear degradation model is denoted as @ =
{ux, 03,0%,b}. 0%, bare the fixed coefficients, describing
the overall degradation characteristics of similar devices;
px, o3 are the random coefficients, describing the indivi-
dual degradation characteristics of the target device.

There are n devices with nonlinear stochastic degra-
dation features to carry out performance parameter mea-
surement. The degradation data is denoted as X =
(X1,Xo,...,Xy). The measurement number of the ith
devices is m;. Its performance degradation data vector is
X = (X(t1,:), X (t2,4),---, X (tm,,i)). The performance
degradation data of the ¢th device at the jth measure-
ment is X (¢;;). Its corresponding degradation increment
is AX(t;;). Thus

AX (i) = X(tj:) — X(tj-14) =
Xi(th =51 )+ opB(tj: —tji—1) =
XAt + opB(At;:) ®)

where \; is the actual value of the drift coefficient of the
ith device.

According to the feature of the Wiener process, the per-
formance degradation increment obeys the normal distri-
bution, namely,

AX(t; ) ~ N AL

7,80

o AL ). )

According to (9), the complete likelihood function is es-
tablished as follows:

L(O|X,\) =
2N: i 1 . (AX (tj4) — NAtE,)?
—exp |-
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The complete log likelihood function is further calcu-
lated as

[ (As (10)

_HA)2:| .

2
20y

>

InL(O|X,\) = —%(ln(%r) +Ino%)—

N m; N m; )\At ]
—lellnAt% 5T Z}Z}
=1y T J

N N
5 —(In(2n) +1Ino3) — Z Ni— )2 A

Since \; is an implicit value related to p, O’A, it is dif-
ficult to obtain its estimated value by the traditional MLE.
Thus the EM algorithm is applied to solve this problem and
divided into two steps: the first step (Step E) is to calcu-
late the expected value and use the current estimate of the
implied variable to calculate the maximum likelihood esti-
mate; the second step (Step M) is to maximize the estimate
by the MLE in Step E.

Let @(n) = {ﬁf\n), Ei("), 8129(”),3(")} be the parameter
estimated values at Step n. The parameter estimation steps
are expressed as follows:

Step E Calculate the expectation of the above complete
log likelihood function as follows:

L(6]8") =

N
Zmi 1 N m;
—1212 (In(27) + Ino%) —§ZZIHA1€M——

=1 j=1
S () 2
~(n .
Z AL, { <AX(tj,i) —E ()\i|X, 2] > Atj,i) +

ar <)\1-|X, @(")) Atjf;.] - %(111(255) +Inol)—

B, xem L(OX)] =

N
1 ~(n ~(n
— § (EMNX, o' )) — ux)? + var(\| X, o' ))].

12)
According to the Bayesian theory with the given

X, 0" itis deduced that | X, ©
distribution, then

obeys the normal

MXs, 87 ~ NEWX, 8", var(u| X, 8™

13)
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with
n X(t;; 2(n) 2(n)
pvlx, 8 = Tty
o2 4 2
o) 520 77 (14
var(\| X, 8" = %
.03 + o

Step M Maximize the calculated complete log likeli-
hood function expectation.

@(n+1)

_ argm@axL(@|@(n)) (15)

The partial derivative of (12) for uy,03%,0% is calcu-
lated as follows:

~(n) N
OL(6|® 1
—_— = —EW\|X, @ 16
oLe18") N 1
o3 20 2(02)2

N
STIENIX, 8™) = )2 +var(n|X, 8™)] (17)
=1

OL(®|O ) 3 N

do?, 20% 2(0%)?
N mg

1 b \2
> [(AX(t;:) —E(N|X, @ )AL ;)
— Atj)i !
=1 j=1

var(\| X, ©")Ar2h). (18)

Let (16), (17) and (28) be zero and the estimated values
of pix, 0%, 0% at the n + 1 step limited by b are

A"t ) = ZE nlx, 8™ (19)
1=1
(b =
1 A, (nt1)e
NZ[(E(MX,@ ) = VT2 4var(\ | X, o' )]
1=1
(20)
A2(n+1)(b)
! imi ! [var(\;| X, @ )At%
N — L~ At ; ’
Zmi =1 j=1 ’
=1
(AX(t;;) — E(\| X, o' )Atb 2] (1)
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Because the sample data is not much, the progressive
unbiased estimation in (20) will reduce the estimated value
of 03 as well as the computational efficiency. Therefore,
this paper uses the modified unbiased estimation formula,
namely

N

~2(n 1 ~(n) ~(n
G = ~_1 S IENIX,0) - A2
i=1
~(n)
var(\]| X, @ ). (22)

Substitute (21), (21) and (22) into (12), and the profile
likelihood function of parameter b is obtained as follows:

S

ip ") = — =l (n(2m) + 5" 4+ 1)
N m; N

- Z S Aty - 7 (In(2) + In 52 1), (23)
=1 5=1

With the help of the Fminsearch function based on the
simplex method, the traversal search is performed un-

~ ~ (n+1
til L(b] @( " )) reaches the maximum value, and the re-
turned b("*1) is the requested value. Let b(**1) be sub-

stituted into (19), (21) and (22) and find the optimal
A(n+1) A2(n+1) A2(n+1
Hx 5 0) 9B
The above E and M steps are calculated iteratively until
~ (n+1 n
the estimated error || @( o @( )H of the adjacent two

steps reaches the specified error requirement.
4. RL prediction model

4.1 Updating the random coefficient and current
degradation state

Assume that the history degradation data of the target de-
vice from the initial time ¢; to the current time t;, is de-
noted as X1., = (X (t1), X (¢t2),..., X (¢t)). In order to
make full use of the target device’s history degradation data
to update the random coefficient and the current degrada-
tion state, the SSM is used to describe its degradation pro-
cess as follows:

{/\h:/\h—1+77

24
X(th) = X(th-1) + )\h—lAtz + opep 24)

where, 1 ~ N(0, Q) is error term and €j, ~ N(0, Atp,).

Since the value 7 in (24) may be positive or negative, it
will affect whether )y, is positive. At the same time, for the
target device, the drift coefficient is a fixed positive value
throughout the degradation process [34]. Thus (24) needs
a certain transformation as follows:

An = An—1 25)
X(th) = X(th_l) + /\h—lAtz +ogep

The Kalman filter algorithm is used to recursively esti-
mate the implied parameter )\ in (25). The concrete steps
are expressed as follows:

(i) Initialization Ao = g, Pojo = 03,5 = 0.

(ii) Let j = j + 1 and calculate the fade factor ¢(¢;):

¢(tj) = max{¢0, 1} (26)

with
$o = B(t;)/C(t;)
B(tj) = Vo(t;) — Bog Aty
C(tj) = P11 (AL)?
(ut;))? j=1
pVo(ti—1) + (u(tj))Q
1+p

— X(tj-1) = X1 AL

Vo(tj) =

;v J>1

u(t;) = X(t5)

where 0 > 1 is a weakening factorand 0 < p < lisa
forgetting factor.
(iii) Calculate the predicted value \;:
Aj = Ajo1 + Pyioa A (KG) alty) (27
with
Pjjj—1 = ¢(t;)Pj-1)j-1

(iv) Update the variance P;);:

P Py (A9 (K.

i1 = Bjli-1 — )T Pjio. (28)

Repeat (ii)—(iv) until j = h, then the mean B\\h and
variance Py, of Aj, at the current time is obtained, i.e.,
Ap ~ N(Xh, Py)1,). Thus the random coefficient posterior
value and the current degradation state of the target device
are updated synchronously with the historical degradation
information of the target device.

4.2 RL distribution function
The RL of the target device at the current time ¢, is denoted

as Ly, defined as follows:

Ly =inf{lp : X(tn +1p) = w|X1.1}. (29)

Given the current value \;, of the random coefficient at
the current time ¢;, and the degradation data vector X.;, of
the target device, the PDF of the RL can be deduced:

thI)\Iqu:h (lh|/\h7 Xl:h) ~

1
T ILun X (In]Ans X1:n) (30)
Lh
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with
A, =:J 910 (s Xa)dln (1)
0

1
Il An, X1p) & ———-
thP\h,XLh( h| h 1 h) 27':0281}3;
[w— X (tn) — Mu(tn + 1) + Malb(tn 4 1)1 + \utl]-

(w — X(th) — An(th + lh)b + )\htl;l)Q

32
20’2Blh ( )

exp {—

Proof LetZ(l},) = X(th+lh)—X(th) with l;, = t—ty,
denoting the RL, and Z(0) = 0, then

Z(lp) = X (tn +1n) — X (t) =

)\(th + lh)b — /\(th)b + UBB(th + lh) — CTBB(th) =
Mt + 1) = Xtn)?] + o B(1y). (33)

The RL of the new stochastic process {Z(l),l, > 0}
at time ¢, is transformed into the FHT reaching the failure
threshold wy, = w — X (t3). From (2), through the mathe-
matical transformation, (30) can be derived. (I

For \j, ~ N(Xh, Pp|1,). based on the full probability for-
mula, given X, of the target device, through the mathe-
matical transformation, the PDF of the RL can be derived
from (6) as follows:

1
Fruixin | X1n) & =91, %00 ([ X1n) - (34

Lp,
with -

T = L 9L X1 (0] X1:n)dlp, (35)

130, (01 Xo) % < [Bw = X(0)) -

h
Clw = X (tn))((tn + n)" = ) Pajn — MnoBlal

exp [_ (w— X (tn) - Xhég i)t e
B = ((ta +1n)" = t7)*Pun + 0Bl (37
C =11 = bty +1;)"7h). (38)

According to the PDF of the RL, the expectation of the
RL is

E(Ln|X1:0) = J Infrnxi, (n| Xn)dln.  (39)
0

5. Simulation cases

It is known that the key performance parameter of a high-
energy laser is working current. When the laser’s working
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current increases in the amount of time to reach the speci-
fied threshold, then the laser fails. According to the six sets
of laser degradation data given in [35] shown in Fig. 1, the
initial values of parameters py, 03,0%,b are 1, 0.062 5,
0.04, and 1.5. The Monte Carlo simulation method is used
to obtain nine sets of sample performance degradation data
shown in Fig. 2.

14
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! / / |
) iz |
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1 4
0 |
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CM time/h
Fig. 1 Six sets of laser degradation data
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Fig. 2 Nine sets of sample simulated degradation data

In order to verify the correctness and advantage of the
nonlinear degradation modeling and RL prediction method
proposed in this paper, the Akashi information criterion
(AIC) and the mean square error (MSE) are used to judge
the current methods. The specific formulas are expressed
as follows:

AIC=2p—-2InL(O) (40)

where p is the number of unknown parameters; L( @) rep-
resents the likelihood function value.

MSE = % Y (F(ty) = Fo(ty))

J=1

(41)
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where m is the compared point number; ﬁ(tj) is the es-
timated cumulative distribution function value at time t;;
Fy(t;) is the actual cumulative distribution function value
at time ¢;.

(i) The comparison of degradation model

The nonlinear degradation modeling method proposed
in this paper is denoted as M 1. The linear degradation mo-
deling method with random effect proposed in [17] is de-
noted as M2 (b = 1). The nonlinear degradation modeling
method is denoted as M3 (03 = 0). The modified EM al-
gorithm is used to estimate the parameters. The results are
shown in Table 1.

Table 1 Comparison of three degradation modeling methods

Method  n 03 op b LgLF  AIC_MSE
Realvalue 1 0.0625 004 15 - - -
Ml 0931 00682 0.088 1521 -25.641 59.282 0.950
M2 0951 01210 0.176 1.000 —29310 64.620 2.321

M3 1.854 0 0.101 1.534 -33.672 73.344 7.319

It can be seen from Table 1 that the Lg-LF value, AIC
value and MSE value of M1 are the smallest, which indi-
cates that M1 has the best model fit and the smallest es-
timation error. Therefore, in order to accurately describe
the data characteristics of nonlinear degradation device,
the random effect and nonlinear characteristics should be
taken into account in the degradation modeling process.

(i1) The parameter estimated results

The modified EM (unbiased estimation), EM (progres-
sive estimation) and TSMLE are used to estimate the un-
known parameter set in the nonlinear degradation model.
The results are shown in Table 2. It can be seen from
Table 2 that the parameter estimated result of the modi-
fied EM is near to the real value of the parameter (i.e., the
initial value), indicating that the algorithm has a high ac-
curacy and fast convergence speed (Iterating 40 times be-
fore convergence, the iterative calculation results shown in
Fig. 3).

0.94 0.08
0.92 0.06
~0.90
3 “~0.04
0.88 ©
0.86 0.02
0.84 0
0 10 20 30 40 0 10 20 30 40
Step Step
0.20 1.55
0.15 1.50
0.10 1.40
1.35
O.OSO 10 20 30 40 0 10 20 30 40
Step Step

Fig. 3 Results of the modified EM algorithm

Table 2 Parameter estimation results by different algorithms

Algorithm 7N o3 0% b
Modified EM 0.931 0.068 2 0.088 1.521
EM 0.931 0.089 1 0.102 1.521
TSMLE 0.976 0.225 0.390 1.580

The estimated result of the traditional EM is also near to
the real value but the variance items are larger than that of
the modified EM, which indicates that the algorithm has a
low estimation accuracy and slow convergence speed (iter-
ating 2 000 times before convergence). The TSMLE is far
from the real value, which indicates that the algorithm has
the lowest estimation accuracy.

(iii) The RL prediction

The Monte Carlo simulation method is also used to ob-
tain the simulation degradation path of the target device
shown in Fig. 4. The performance degradation value of the
target device at 5 h is 12.52. In order to verify the correct-
ness of the RL prediction model, assuming that the failure
threshold of the device is 12.52, so the target device can be
considered to fail at Sh.

14 T T T T r T T . .
13+ 1
121 1
11 1
10 1

O
T
I

Degradation data

S = N W kA U JI X
T
I

05 1.0

1.5 20 25 30 35 40 45 50
CM time/h
:Real value;  ——: Predicted value.

(=)

Fig.4 Simulation path and prediction path of target device

In this paper, the RL prediction model based on the up-
dating of the random coefficient and the current degrada-
tion state is denoted as M4. The RL prediction model based
on the updating of random coefficient alone proposed in
[25] is denoted as M5. The PDF of RL by M4 and M5 is
calculated and shown in Fig. 5.

It can be seen from Fig. 4 that the PDF of the RL by M4
and M5 can cover the actual RL value of the target device,
and the PDF of the RL by M4 is narrower than that by M5.

This is because M4 uses the history degradation infor-
mation of target device to update the random coefficient
posterior value as well as the current degradation state so
that the PDF of the RL by M4 is more in line with the tar-
get device’s degradation characteristics, which shows that
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M4 has a better model fitting than that of M5. This can also
be confirmed by the simulation path and prediction path of
target device shown in Fig. 4.

2
Ry, 3.0 7
h 020 27 oMd

—— :M5; —— :The actual RL.
Fig. 5 PDF of the RL by M4 and M5

From (39), the 95% confidence interval of the RL at dif-
ferent CM time are calculated and shown in Fig. 6. It can
be seen that the RL confidence interval of M4 and M5 can
cover the actual RL value of the target device, and the RL
confidence interval of M4 is obviously smaller than that of
M35, indicating that the RL prediction accuracy of M4 is
higher than that of M5.

6

RL/h

%5 25 3.0 35 4.0 45
CM time/h

1 M4 T M5; e -+ : The actual RUL.
Fig. 6 Confidence interval of RL by M4 and M5

The MSE values of M4 and M5 at different CM time
are calculated and shown in Fig. 7. It can be seen that the
MSE value of M4 is always lower than that of M5, indicat-
ing that the RL prediction accuracy of M4 is higher than
that of M5.

At the same time, with the prolonging of the CM time,
the confidence interval of the target device RL becomes
narrower and the MSE value becomes smaller. This is be-
cause the history degradation information of target device

is increasing as well as the random coefficient posterior
value and the current degradation state is iteratively up-
dated, which gradually improves the RL prediction accu-
racy.

10!
100 F===mee____
m
N
b
1071f
10*2 L L L L
2.0 2.5 3.0 3.5 4.0 4.5
CM time/h
— 1 M4; - : MS.

Fig.7 MSE values of M4 and M5

6. Conclusions

The nonlinear degradation model with random effects is
proposed, which can be used to describe the overall degra-
dation characteristics of nonlinear stochastic devices. The
proposed model has a better model fitting than the existing
degradation model with only random effect or nonlinear
features alone.

A parameter estimation method based on the modified
EM is proposed with the unbiased estimation formula,
which has higher estimation accuracy than the traditional
EM algorithm and TSMLE. This approach provides an ef-
fective way to solve the problem that the amount of un-
known parameters is larger than the amount of likelihood
functions.

The modified SSM is used to describe the degradation
process of the target device. The Kalman filter algorithm
is applied to update the random coefficient and the cur-
rent degradation state synchronously, so as to derive the
RL adaptive prediction of the nonlinear stochastic device.

The simulation case is analyzed to show that the pro-
posed model has better model fitting advantage and pre-
diction precision than the existing model by comparing the
parameter estimated results, the PDF and confidence inter-
val of the RL and MSE value, which has a certain engi-
neering application value.
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