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1. Introduction

Abstract

Considering the competitive failure that exists in the operation of
industrial systems, including degradation failure and sudden failure, this
paper presents a reliability assessment method based on the three-
parameter Weibull distribution and the Wiener process. The Wiener
process models the degradation failure process, while the three-
parameter Weibull model describes the hard failure process. Nonlinear
exponential functions are proposed to establish the relationship model
between the different failure processes, and the reliability model for the
competitive failure process is derived. The Metropolis-Hastings (MH)
sampling algorithm of the Monte Carlo Markov Chain (MCMC) method
is employed to estimate the parameters in this study. The reliability
assessment results are obtained by the numerical and real degradation
samples. The results show that the reliability model incorporating the
three-parameter Weibull distribution produces more comprehensive and
dependable results. Furthermore, MH sampling can solve the issues of
complex likelihood functions that cannot directly obtain the evaluation
results. Additionally, the sensitivity of proposed model parameters is
analyzed, thereby offering theoretical support for enhancing the safe
operation of the system.

Keywords
degradation failure, sudden failure, competing failure, wiener process,
reliability assessment

The demand for high reliability and extended useful life of key
equipment has been progressively rising, commensurate with
the growing complexity of industrial systems [1][2]. Ensuring
the safe operation of these systems, it becomes significantly
crucial to effectively evaluate their reliability. Currently, the
evaluation of complex systems' reliability is primarily

investigated based on their performance degradation process,
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which heavily relies on the monitored data regarding to the
system's performance degradation. Once the system reaches
a specific failure threshold, it experiences failure. Consequently,
a probabilistic model is constructed based on the failure
mechanism, and the analysis results provide a deeper
understanding of the system's reliability.

Indeed, apart from failures caused by the system's own
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performance degradation exceeding the specified failure
threshold (designated as soft failures) [3-5], and those abruptly
triggered by external shocks (termed sudden failures) [6]. As an
illustrative case, the sliding spool valve in the hydraulic control
system can fail not only due to wear degradation but also due to
sudden stagnation [7]. Similarly, while prone to decline in their
capacitive prowess, can experience a catastrophic short circuit
when the operational voltage surpasses a critical juncture,
causing the electric field to rupture the interstitial medium,
a phenomenon attributed to the sudden onslaught of the external
milieu. These two failure modes—natural degradation failure
and sudden failure—are interdependent and competitive.
Additionally, when the wear and tear of a tire transcend the
failure thresholds enshrined in industry norms, its demise is
inevitable. Similarly, sudden failure can occur when the tire is
punctured by hard foreign objects on the road. Therefore, the
failure mechanisms in complex system equipment encompass
both natural degradation failure and sudden failure. Regardless
of the type of failure process, the earliest failure process is the
main cause of system failure. These two distinct failure modes
together form the competitive failure process of the system.
Studying system reliability modeling under competitive failure
process conditions can enhance the safety and reliability of
complex systems.

When considering the competitive failure conditions, the
change in performance degradation of the system during
operation will gradually affect the ability of a system to resist
external shocks. Furthermore, external random shocks will also
affect the performance degradation. Therefore, in the actual
operation of complex system, it is necessary to consider the
interaction between the degradation process and the sudden
failure process [8-10]. Generally, many literatures mainly
describe the inter-relationships between failure processes
through two aspects: (1) external environmental shock
accelerates system degradation; (2) The degradation process
affects the failure rate of sudden failures. The former mainly
focuses on the impact of sudden failures on the degradation
process. For example, in [11], a decreasing random process was
set as the sudden failure threshold, and a correlation between
sudden failures and degradation failure was constructed. The
reliability results of radar power amplification systems were

obtained using component failure probability. Reference [12]

adopts a gamma process to construct a system degradation
process, considering the generation of degradation increments
caused by external shock processes, and the Copula function is
used to build a multi-failure-related model. In [13-15],
a degradation failure process is constructed using a linear
function, and the influence of external shock increments on the
degradation rate and degradation increment are utilized to
construct a competitive failure reliability model. In [16], the
influence of continuous shocks and accelerated degradation is
considered to model the reliability with competing failure
processes. In [17], the changed threshold & is proposed to
construct the competing failure reliability model. A copula-
based competing reliability model is proposed in [18], and the
dependence structure is derived based on the lifetime data. In
[19], a competing failure processes are conducted to analyze the
complex system that constructed by multiple components,
random shock model is used to model the sudden failure process,
and degradation process follow a Gamma process. In [20], an
age- and state-dependent competing risks model that considers
random shocks is proposed. A linear degradation path is
considered to generate degradation samples. In [21], a reliability
model for the multi-component system subject to dependent
competing failure processes considering multiple shock sources
is presented.

However, most of the above literature analyzes the impact
of external shocks on the degradation process, describes the
relationship between degradation failure and sudden failure
model through the degradation process, and further constructs
a probability model that the degradation amount does not
exceed the soft failure threshold. Additionally, when the sudden
failure samples are difficult to obtain, how to solve the problem
that the system reliability can only be conducted by the
degradation samples. In the above research, the impact of the
degradation process on sudden failure was not considered.
Taking tires as an example, as the amount of tire wear increases,
the probability of tires being punctured by foreign objects also
increases. Therefore, the second type of correlation is more
conducive to describing the competitive failure process of
complex systems. In [19], by considering the impact of
degradation processes on impact processes, the relevant factors
v and degradation are utilized to build a relationship model. In

[20], considering that the magnitude of external shock loads will

Eksploatacja i Niezawodno$¢ — Maintenance and Reliability Vol. 27, No. 3, 2025




change with increasing degradation, a competitive failure
reliability model is further proposed. Yang et al. [21] also
considered a system that undergoes both two-stage degradation
processes and random shocks, where the impact rate is
influenced by the system state. In [22-23], the Weibull
distribution is used to model the sudden failure process of tool
wear, and the gamma process (Wiener process) is combined to
construct a competitive failure reliability model. In [24], the
aging failure rate of relay protection devices is estimated by
considering the three-parameter Weibull distribution, and
a reliability model through independent failure processes is
established. In [25], g-Weibull distribution is proposed to solve
the useful life prediction and fault diagnosis of system, and the
maximum likelihood estimation (MLE) method and robust
linear regression method is used to estimate the parameters. In
[26], a novel flexible inverse modified Weibull model with
a concave Weibull probability diagram is proposed to simulate
the aging classes of life distributions, and the parameters of it is
estimated by Weibull probability paper approach and the
maximum likelihood method. In [27], the three-parameters (3-
p) Weibull model is used to evaluate the lifetime distribution of
critical wind turbine subassemblies, and an improved ergodic
artificial bee colony algorithm is proposed to estimate the
parameters of 3-p Weibull model. In [28], the two-parameter
Weibull distribution is proposed to fit the reliability indexes of
vibration component.

Based on the above research models, the three-parameter
Weibull distribution is rarely used as a model for sudden failure
in reliability analysis Moreover, most Weibull distributions are
applied to lifetime prediction problems. Literature on reliability
assessment using this distribution is scarce. For the sudden
failure process modelling, only external shock models were
considered, and the degradation process was described using
a simplified path that further weakened the credibility of the
model. Moreover, in building a sudden failure process model,
the failure process model was too simplistic or did not consider
competitive failure modes, which cannot solve the actual
situation. On the other hand, in terms of parameter estimation
for models, many literatures only rely on historical experience
or parameter assumptions, without reasonable parameter
estimation for the established model to improve its usability.

When dealing with the parameters of the Weibull distribution or

its combined models, the MLE method is predominantly
employed. However, in scenarios where the reliability model
becomes intricate, the corresponding likelihood function tends
to be highly complex. This complexity often leads to suboptimal
outcomes when utilizing the MLE method.

To address the shortcomings of the above methods, this
article considers the interaction between performance
degradation and sudden failure processes and uses the Wiener
process to construct a degradation process model for complex
systems. To accurately describe the sudden failure mode of
system equipment, a three-parameter Weibull distribution is
used as the sudden failure time distribution. By combining the
nonlinear exponential function to characterize the relationship
between degradation and sudden failure, a system reliability
model based on the competitive failure process is constructed
using the failure rate function. Given the complexity of the
likelihood function corresponding to the reliability model,
direct estimation of the parameter results using maximum
likelihood estimation is not feasible. Consequently, to overcome
this obstacle, an accurate estimation of the unknown parameters
of the reliability model is achieved by combining the MCMC-
MH sampling algorithm of the Bayes method. Subsequently, the
reliability of different failure processes and the corresponding
reliability of different sudden failure processes are compared
using numerical samples and GaAs laser current as a measure
of performance degradation. Furthermore, the sensitivity of
different parameters to the reliability model is analyzed. The
experimental results validate the rationality and advantages of
the proposed method in evaluating the reliability of competitive
failure processes. The proposed method offers theoretical
support for the intelligent operation and maintenance of
complex systems.

The contribution of this paper is mainly including the
following points:

1). When it is not possible to obtain a set of sudden failure
samples, this paper establishes a sudden failure process model
using the failure time distribution and the three-parameter
Weibull distribution.

2). Due to the interactions between different failure
processes, this paper establishes a relational model using
a nonlinear exponential function.

3). For the issue of the complex likelihood function of the
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model, which prevents direct parameter estimation, this paper
employs the MCMC-MH sampling method to obtain parameter
estimates, thereby enhancing the model's reliability.

The rest of this paper is organized as follows: Section 2
provides a detailed problem description of this article. In
Section 3, the reliability probability of the system is modeled
based on a competitive failure process, encompassing
degradation process modeling, sudden failure modeling, and
competitive failure reliability modeling. The estimation of
unknown parameters in the proposed model is discussed in
Section 4, employing the MCMC-MH sampling method.
Section 5 presents the experimental verification conducted
using numerical samples and actual degradation samples. The
reliability results of the laser are obtained utilizing the MCMC-
MH sampling algorithm and the proposed reliability model.

Finally, Section 6 provides a summary of the overall paper.
2. The problem description

During the operational lifespan of a system, it is inevitable to
encounter diverse influences such as wear and environmental
shocks, which can result in system failure or malfunctions.
Assessing system reliability plays a crucial role in determining

maintenance requirements and predicting performance to

Table 1. the different notation used in this paper.

facilitate subsequent decision-making. Through timely
monitoring and decision-making throughout the system's
operational process, overall system reliability and health status
can be enhanced. However, in the current process of system
reliability assessment, sudden failures caused by stress or
environmental shock during operation are overlooked.
Additionally, when establishing the failure process model,
multiple influencing factors and the absence of shock samples
are not considered, thereby diminishing the accuracy of
reliability assessment. Based on the competitive failure process
and combined with sudden failure time distribution of system,
a reliability evaluation method that incorporates a three-
parameter Weibull distribution and the Wiener process of
competitive failure is proposed. This method offers theoretical
support for enhancing system safety, as well as intelligent
operation and maintenance.

System degradation refers to the decline in operation
performance, influenced by various factors during its usage,
leading to a decrease in certain monitored physical quantities
over time. When the performance values exceed the established
failure threshold, the system will malfunction or fail, impacting
operational efficiency. The notation used in this paper is

described in the bellow.

Notation Description Notation Description
X(®) The degradation process of Wiener process A(t) Scale transformation function
By The standard Brownian motion Tp The failure time of degradation process
. . The reliability th ly aff h fail
Ts The failure time of sudden process Rs(t) e reliability that only affected by the sudden failures
process
The system reliability function that only have the R . . .
Ry (1) degradation failure process R(t)  [The reliability model with competing failure processes
K(t) The failure rate function of sudden failures K(S,X(S)) The failure rate fun.ct1on of degradation and sudden
failure processes
a Scale parameter y Position parameter
The failure rate function based on the three-parameter
k Shape parameter As(®) Weibull distribution
q(xe) The density function of the degradation amount (o, €1) The coefficient of nonlinear exponential function
0, The parameters of Wiener process 0, The parameters of th.ree-parameters Weibull
distribution
0, The parameters of nonlinear exponential function L The failure threshold
7 Degradation rate o Diffusion parameter
MCMC Monte Carlo Markov Chain MH Metropolis-Hastings
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X
Degradation failure threshold L
P I/‘\ -

Degradation
failure samples

Degradation

Sudden failure
samples

Time

Fig. 1. The general degradation samples of different failure
process.

To more clearly describe the failure process manifested in
the degradation samples, it is represented by Fig.1, which shows
the degradation amount changes. Since the degradation samples
are time series data, the X-axis is the time ¢ during the operation
of the system, and Y-axis represents a specific physical quantity
of the sample (such as electric current, wear amount or diameter,
etc.). The amount by which the physical quantity of the system
changes over time ¢. The green solid line represents the failure
threshold of the device (generally determined by expert
experience or industry standards). The black and red lines are
the degradation data monitored by different samples of the same
device. In the black line, since the degradation samples
corresponding to =71, =T>, and =73 exceed the failure
threshold L, these black samples belong to the degradation
failure process; when £>¢1, 12, and >13, the degradation
amount of the red line samples no longer changes, and it belongs
to the sudden failure process. Hence, when it is not possible to
directly monitor the external environmental shock samples on
the system, degradation failure samples exceeding the failure
threshold, sudden failure samples with no incremental
degradation, and normal samples can be directly obtained from
the degradation samples.

Given that complex systems are influenced by various
factors during operation, such as the degradation of self-
monitoring variables and external environmental shocks, it is
crucial to consider the interaction between multiple failure
modes when analyzing the system failure process. Hence, we
employ the nonlinear exponential function to construct
a framework that captures the relationship between degradation

and sudden failure process. Subsequently, a reliability model

based on competitive failure process for complex systems is

derived. The detailed process is illustrated in Fig. 2.

The failure process
of system

\
[ |

External Performance
random shock degradation

Three-parameter

Weibull Wiener
distribution l process
A
Sudden failure Degradation
process failure process
Dependent

The degradation
amount is greater than
the failure threshold L

relationship

Nonlinear
exponential
function

A
Sudden
failure

A\
Soft failure

The impact of degradation
on sudden failure

Fig. 2. The reliability modelling based on the competing

failure of system.

In Fig. 2, the Wiener process is employed to represent the
performance degradation failure process, while the sudden
failure process is modeled by the three-parameter Weibull
distribution and sudden failure time in this paper. When the
performance degradation is greater than the failure threshold L,
the system will fail (referred to as a soft failure). On the other
hand, if the degradation remains below the failure threshold,
a nonlinear exponential function is utilized to establish
a relationship model between the degradation process and the
sudden failure process. Then, the reliability model with the
competing failure process can be obtained.

To enhance the alignment of the method proposed in this
article with the actual state and facilitate model calculations,
assumptions are incorporated into the reliability evaluation
process, i.e., assuming that the system is no longer usable after
a sudden failure act on the system.

In the reliability assessment process, after obtaining the
competitive failure reliability model of a complex system
through a nonlinear exponential function, the likelihood
function of the model is calculated, and the unknown
parameters of the model are estimated using the MCMC-MH
sampling algorithm. Based on the monitored real degraded
samples and estimated parameters, the reliability evaluation

results in the overall life cycle are obtained.
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The overall framework for reliability evaluation of
competitive failure systems based on the three-parameter

Weibull distribution and Wiener process is shown in Fig. 3.

The degradation
samples of system

Modeling the dcgrladulion Modeling of sudden failure
process based on Wiener process based on three
process parameter Weibull distribution
[ : ]
Reliability modeling of competitive
failure process

Model parameter

estimation
T
T I 1
Degradation Reliability Sudden
failure model failure
parameters parameters parameters

1 | ]
[

Reliability evaluation

Fig. 3. Overall framework for reliability assessment of the
system.

Through the process of reliability modeling and parameter
estimation under competitive failure conditions, the reliability
of the system during its service life can be evaluated, thereby
improving its remaining useful life, and maintaining the stable

operation of the system.

3. System Reliability Modeling Based on Competitive
Failure Process

Since the operational reliability model of complex systems is
established based on competitive failure processes, wherein
both gradual degradation and sudden failure may occur, the
system will experience corresponding failures correspondingly.
Consequently, a reliability model can be constructed by
assessing the probability of simultaneous occurrence of
degradation and sudden failures, implying that throughout the
entire lifespan of the system, the present moment has not yet
reached the measurement time of either degradation or sudden
failure.

If the failure time of degradation process in the system is 7p,
the probability of it not experiencing the degradation failure
process can be expressed as P{Tp>t}, where ¢ is the current time;
When a sudden failure process occurs in the operation process
of system, the failure time is recorded as T, and the probability
of no sudden failure occurring within time ¢ is P{7s>¢}. If the

degradation failure process and sudden failure process of

system are determined independently, the reliability of the
system can be calculated by multiplying the probabilities of
these two events occurring. The relationship is illustrated by
formula(1).

R(t) = P{Tp > t}P{Ts >t} = Rs(t) - Rp(t) ey,
where,R¢(t) is the reliability of system that only affected by the
sudden failures process, andR, (t) is the reliability function that
only have the degradation failure process.

However, this situation ignores the correlation between the
degradation process and the sudden failure process, thereby
reducing the accuracy of system reliability. Hence, to account
for the competitive failure process in complex systems, the
reliability function of the system is the probability of both
degraded and sudden failures occurring simultaneously, as
represented by formula (2).

R(t) = P{Tp, > t, T > t} = P{Ts > t|Tp, >t} P{Tp >

t}=exp[-K(t)] - Rp(t) 2
where, R(t) is the reliability model with competing failure
processes, K (t) is the failure rate function of the system that
experiences sudden failures.

In other words, K(t) represents the probability that the
system has not failed before time ¢, but will experience failure
after time #. Considering the impact of system performance
degradation on the sudden failure process, the failure rate
functionK (t) is a non-constant function that changes over time
and is related to the degradation amount X(f). Hence, the
calculation process of the system reliability function is as

follows.

R(t) = exp[— [, K(S,X(S))dS] - Ry(t) 3)

In formula (3), K(S, X(S)) is the failure rate function related
to degradation and sudden failure. Therefore, it is obvious that
the reliability model of the system based on competitive failure
mainly needs to calculate the failure rate functionK (S, X(S))

and performance degradation failure reliability Ry (t).

3.1. Degenerate failure process model based on Wiener

process

Since the system degradation amount X(¢) follows the Wiener
process, its expression is shown in (4).

X(t) = pA(t) + oB(A(D)) C))
where, p is the drift parameter, which represent the degradation

rate, such as the trend of laser current degradation rate; ois
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a diffusion parameter that describes the heterogeneity of the
samples, that is, the impact degree of random factors act on
performance degradation; A(t) is a scale transformation
function that mainly describes the degradation path of the
system. B(f) is the standard Brownian motion and follows the
normal distribution, i.e. B(#)~N(0, ?).

Considering that unary Wiener process can describe
continuous time degradation paths and is suitable for describing
various system degradation phenomena, such as the wear,
corrosion, aging, etc. Hence, this paper chooses the scale
transformation function A(t) =t to model the degradation
process in Eq. (4).

Since the condition of degradation failure process not
occurred is that the degradation amount X(t) = ut + oB(t)
does not exceed the soft failure threshold L, which is equivalent
to the time 7; when the degradation amount of the system first
reaches the soft failure threshold. Therefore, the probability of
the system not experiencing soft failure within time ¢ is equal to
the reliability of the system considering only degradation failure,

which is shown in Eq.(5).

Rp(t) = p(Tq > £) = p(X(t) < L) = J; fa(x,t)dx  (5)

where,T,is the time when degradation failure occurs, L is the
soft failure threshold.

Furthermore, based on the Kolmogorov forward equation,
the expression of the density function f;(x,t) is obtained, as

shown in formula (6).

05 = o (- 2 - e () o (-2

Combining formula (5) (6) [32], the system reliability

function considering only degradation failure is obtained as

follows.

RO=0(T5)-ew(F)e(CF) O
where, ®@(-) represents the normal cumulative distribution
function.

According to the properties of the Wiener process, the

density function of the degradation amount X(#) follows a

normal distribution, as shown in formula (8):

q(xe) = T eap (— 4 5) ®)

202t

3.2. Sudden failure process model based on three-

parameter Weibull distribution

When the external shocks act on the system and cause sudden
failure occurs, the external shock load is related to the
degradation of the system. Therefore, it is necessary to construct
a relationship model between degradation and external shocks.
The Weibull distribution is widely used and is also suitable for
small failure samples. Considering the cost issue of system
monitoring, the number of external shock samples monitored is
relatively small or even unable to be effectively collected, the
Weibull distribution is suitable for analyzing the distribution of
useful life. In the early stages, the failure rate of the system is
relatively low. Furthermore, the two-parameter Weibull
distribution will easily cause nonlinear Weibull transformations.
But the positional parameters y in the three-parameter Weibull
distribution can accurately describe the life distribution of the
system. Therefore, this article uses a three-parameter Weibull
distribution to construct a sudden failure process model, and its

cumulative failure distribution function is shown in formula (9).

_(m>
Ft)=1—e \ “ €)
where, a >0, y >=0, f >0 are the scale parameters, position
parameters, and shape parameters in the failure distribution
function, respectively.

Then, the reliability, probability density, and failure rate
functions of sudden failures in complex systems are accordingly

obtained, which are shown in (10).

_<(t—y)5>

R(t)=e \ ©
dRg

fi(t) = 20 (10)
fs()

o =49

The failure rate function based on the three-parameter
Weibull distribution is shown in formula (11) through the failure

distribution function and failure density function.

f® _ B=pBL
As(t) = 1-F (D) = ] (11)

By combining the three-parameter Weibull distribution
failure rate function and the reliability Rp(?), a probability model

based on the competitive failure process can be further obtained.
3.3. Competitive failure reliability model

Considering that the degradation process of system will affect

the failure rate function K (t, X(t)) of the sudden failure process,
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to reflect the impact degree of the system degradation process
act on the sudden failure, this paper constructs a relationship
model between the degradation process and the sudden failure
process through the nonlinear exponential function and the
failure rate function of the sudden failure process, as shown in
formula (12).

K(t, X(t)) = Ks(t, x¢) = H(t, x¢) = A5(t) exp(co + ¢y x¢) (12)
where Ag(t) is the failure rate function that the system only

considers the existence of sudden failure processes, mainly

Ks(t,X(0) = f H(t,x)q(xe) dxe = f; As(t) exp(co + c1x,) q(xe)dx, =

By #D

(xe—pt—cy0%t)?

described by the three parameter Weibull distribution failure
rate function (formula (11)). exp(cy + ¢yx;) is the nonlinear
exponential function, ¢y, c;represents the model coefficients to
describe the relationship between the degradation and sudden
failure rate.

Therefore, by combining formulas (8) and (11),
a relationship function model between degradation failure and

sudden failure process is obtained, as shown in formula (13).

LBE-N®EY
f() aPf

1 _ Geempt)? _
exp(co + c1x¢) T OXP ( pyry )dxt =

1 5\ (L1 (
———exp (c(, +out+500 t) fo Norradd P

where @( ) is the standard normal distribution.
Based on the formula (3), the reliability of the system in time
t is the probability of neither soft failure nor hard failure in the

entire life cycle. Combining the failure rate function K (t, X (t))

Ringe(t) = P(Ty > t,Tp > t) = P(T; > t|Tp > t)P(Tp > t) = exp (—f
0

tpE-NEY 1
=exp (— Js Zizexp (CO + c ué + ECIJZE) ® <

Based on the above calculation process, the trend of
operational reliability variation of the system during its lifecycle
can be obtained, which is the probability result that system does
not fail in the service life. Then, to evaluate the operational
reliability of the system, the parameters of the reliability model
are evaluated by the bayes methods. The estimation process of

unknown parameters will be described in the Section 4.
4. Parameter estimation

Assuming that N degradation samples of the system are
collected through a sensor or radar, the system operation status
without failure, with hard failure, or with soft failure are
monitored in time. Specifically, the system status cannot be
recorded after the hard failure occurs. Note that N=Z+V+M is
the total number of samples, Z is the number of systems not
failures, V' is the number of system hard failures, and M is the
number of soft failures occurs in the system. Therefore, the

overall degradation of the system is described as bellow.

—y)(B-1) Ut —c.52F)2
)dxt =8¢ Z; exp (CO +clut+%clozt)d>(w) (13)

oVt

and the reliability model Ry(t) of Wiener process, the
expression of the system reliability results with competitive

failure process is shown in formula (14).

t

Ks(t, X (S))ds) Rp(t)

) ) (o () e ()0 (52)

X11JX12! . "!XlKi

X21'X22' . "XZKi
Xij=1 " ; .

Xll’XLZ' ---,XiKi

where JXj; is the degradation amount at the j-th moment of the i-
th sample, j = 1,..., K; and K; is the measurement duration of
the i-th sample.

According to formula (14), the reliability function of the
system includes three sets of parameters, including the Wiener
process parameters 8; = (u,02) and the relationship model
parameters 0, = (a,B,v) , 05 = (cy,c;) . To estimate the
parameters accurately, the estimation process is mainly divided
into two parts: 8; of Wiener process and 6,, 8; of competing
failure process. The specific estimation process is described in

bellow.
4.1. Parameter 0,estimation of Wiener process

In this article, the system degradation failure process follows
the Wiener process. According to the properties of the Wiener

process, its degradation increment also follows a normal
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distribution, that is, 4X;;~N [,uAt azAtij]. The parameters

ijr
that need to be estimated are 8, = (u,02) . Hence, the
parameter likelihood function of » systems in K; measurement
durations is:

Kj
Ly, 02) = ?:1 Hj:1

1

\/ZG'Zﬂ.'At,:j

_ (Bxjj—pAt;)2
exp [ 207t ](15)

Through the maximum likelihood estimation, the estimated

results 8, = (fi, 3%) can be obtained, as the formula (16) shown.

KL @x;)*  EiziXiky)

DI mml] (16)

Z{L=1XiKi A2 [
Z?:l tiki ’ ZIL 1KL

=

4.2 Parameters 0,, 03 estimation of competing failure

process

Considering the different number of failure samples and of the
measurement duration, the parameters @, are obtained (the
model parameters 8; = (u,02) have been estimated by
maximum likelihood), the parameters estimation of 8,, 85 can

be mainly divided into the following three situations:

n A PPN dFs(tinl08%)
L(a,B,v,co,c110,6%) = [Ty R(tu, 1, 6%) - T1i-, L

5 (B-1)
_ K(tin, X (tin) 12, 6%) _HNlexp[ it

A. When the system has not failed, the relationship between
the useful life and the measurement time is T; > t;,. Hence,
the system reliability function is R(t;,) ( combining
formula (14));

B. Once a hard failure of the system occurs, the operation state
is not monitored after the hard failure. The measurement
time of the system ist;;,. So, the distribution function of the

system life is:

Fi(tm) =1 —exp = [; " K, (&, X(©I,6D)d¢] (A7)

C. When a soft failure of the system occurs, the measurement

time of the system ist;4, and its life distribution function is:
Fa(tia) = exp|— [ K, (6, X(©)|, 67)d| Fa(tial 6% (18)

Therefore, based on the above description, the likelihood
function of the system operation reliability model parameters is
shown in (19).

A A 5; DN
M Fa(tiald, 62) =TIy exp |- [T K(E X (DI 62)dg | -

exp (o + ot +3,6%) & (LI N1g, 67| -

Btin-nP . 14 (L—RBtip—c182t;)%\ | ~ ~
M 2 ep (0 + it + 301070, & (L2000 15, 52) (19)

where §; = {tiKl., tin tl-d}is the measurement duration of the i-th
sample.

Since the integral function existed in the likelihood function
of the system reliability model, which are difficulty to estimate
its maximum likelihood, this paper uses the MCMC method in
Bayesian area to obtain the estimated parameters,, 8. The
MCMC method mainly obtains the posterior distribution results
through prior distribution knowledge and uses sampling
methods to obtain parameter convergence results.

Therefore, the transformation form of the Likelihood
function of the model parameters can be obtained based on the
Bayesian formulas.

L(X]0,,03)7(8;,03)
I, 0,7(82,05)L(X]0;,05)d0,d0;
x L(X|02,03)7(6,,03) (20)

where X is the monitoring sample matrix of system, 7 (0,, 03)

7(0,,05]X) =

is a prior distribution, and (@, 85|X) represents a posterior

distribution. This paper adopts an uninformed prior distribution

as the prior distribution.

In Eq. (20), it is necessary to calculate the posterior
distribution results of unknown parameters for the estimated
likelihood
function L(a, B,¥,cy, c1|f, %) (formula(19)), the posterior

parameters 0,,8; . Based on the

distribution results of parameters «, 8, y, ¢y, c;are described as

bellows.
n(a|B,v,cy ¢y, Data) « w(a) - L(a|B, ¥, ¢y, €1, X)
o n(a) - exp [~ T, = 6] = (21)
n(fla,y, ¢y, c1, Data) «x w(B) - L(B|a, v, co, €1, X)
() - exp [~ EiLo i EEDT R ag | I, AT (22)
n(y|a, B, ¢y, ¢1, Data) « w(y) - L(y|a, B, ¢, €1, X) X m(y) -
exp |- 2o f, B(E — P VdE] - Ty Bt — )P (23)

m(cola, B,v, ¢y, Data) « m(co) - L(cola, B, ¢1, X)
o 1(co) - exp[— exp(co) Xils 8] - exp(co) (24)
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N
6 1
n(cqla, B,y, co, Data) < m(cy) - L(ci|a, By, ¢o, X) x m(cy) - exp [_ZJ. exp (01.‘15 + 501525’) q’(
i=1 "0

v S 1.4 14
Sexp Yim (Cl.utih + 50102%) iz @ <

The MCMC method mainly obtains a stationary distribution
by establishing a Markov chain. In formulas (21) - (25), the
posterior distribution that needs to be sampled is not a standard
distribution, that is, the conditional probability density function
of the parameters cannot be directly obtained. Therefore, the
Gibbs sampling method cannot be used to estimate the
parameters. In this paper, the MH sampling method is used to
obtain the estimated parametersaz, 33 = (a, ﬁ, 7,80,¢1)- Record
that u follows a uniform distributionu~U(0,1); To simplify the
parameter estimation process, the parameters to be estimated are
recorded as@, the recommended distribution is Q(@!|@*) and

the acceptance probability is

JCHBIICRITED!

1011 =min (2@ 1De@10°)
(0|6 )_mm{p(@[ﬂn)a(@*w[‘])

,1}. Hence, the specific

steps of MH sampling are as follows:
a) Determining the prior distribution 7(@) and the

v

Inputting the degradation samples of system

l

Determine the numbers M, V' of degradation failure

b)

c)

d)

e)

(L~ pg - c1625)2> ]
d¢
6§

(L_ﬁtih_claztih)z) (25)

Gytin
initial value @© of the parameter to be estimated
based on the prior distribution without information;
Sampling u in a uniform distribution U (0,1) and
obtaining alternative parameter values through
formulas (19) - (22) and suggested distributions@*;
By comparing the magnitude of « and the acceptance
probability value, if u < a(@*|@!), assign the
candidate parameter value®* to the estimated value
of the parameter @!tlat the current time; otherwise,
the current value remains unchanged@!! = @*1l;
Repeating the second step m times to obtain m
sampling samples(@®),t = 1,...,m;
Until the function of the parameter to be estimated
converges to the function a, 3, , ¢y, ¢; according to
the distribution, the converged model parameter

estimation value (&, 8,7,8,,C;) is obtained.

MLE method

and sudden failure process

¥

Modeling the Wiener degradation failure
process and determining the likelihood
function of @4

'

Modeling the sudden failure
process based on three-parameter
Weibull distribution

Nonlinear Exponential
s Function

Reliability modeling based on the
competitive failure processes

A

Determine the likelihood
function L(a, B, v, co, ¢1 |1, &)

'

Reliability assessment

End

Estimation of parameters for
degradation failure model(f, )

MCMC-MH

Intial value (a(o),’g(o), 7@,8", Cnf”) N |

sampling

Determine prior distributionst(@)and posterior

distribution (@|Data, i, &)

{H=uUv,1),

O(x)~N(0,10)

Calculate distribution values (@), O(@%),
(@), (@*), acceptance probabilitya (@ +|@)

reliability model

Set the parameter ©
Incorporate into the

The estimated parameter value
@B, 6.6

Fig. 4. The flow chart of system reliability evaluation based on competitive failure process.
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Based on the above steps, combined with the estimated
parameter values (ﬁ,&z,d,ﬁ,?ﬁo,ﬁl) and the monitored
degradation samples, the reliability evaluation results of the
system under competitive failure process can be further
obtained. By constructing a relationship model between system
soft failure and hard failure, the reliability assessment results of
system based on three parameter Weibull distribution and
Wiener process are obtained. The overall process is shown in
Fig. 4. According to the overall evaluation process in Fig.4, it is
possible to obtain the operational reliability results of the
system effectively in its entire lifecycle. the real degradation
samples are used as the validation indicator, and the specific

experimental results are shown in the following section.
5. Experiment evaluation and analysis
To evaluate the effectiveness of the methods proposed in this

degradation samples
7 T 13 13

degradation X(t)

0 20 40 60 80 100

Fig. 5. The original degradation samples.

To obtain the sudden failure data and degradation failure
data, the failure threshold is determined as L=5.5. The sudden
failure time is set three points (£=50,76,79). Hence, the different
failure data is shown as the Fig. 6.

In. Fig.6, the black line is the failure threshold, the blue line
are the sudden failure samples, the red line represents the
degradation failure samples, and the others are the non-failure
samples. The black rot line represents the failure threshold, and
it is obvious that the degradation samples exceed the threshold
is 7. Hence, the total number N of samples is 20 (N=20), the
number of non-failure samples Z=10, the number of sudden
failures V=3, and the number of degradation failures M is 7
(M=17).

Based on the Formulas(15)-(16), the Wiener process

parameters@; = (u, 0%)can be obtained.

paper, the numerical example and real samples are used for
experience verification. The degradation process is the Wiener
process, and the sudden failure process follows the Three-
parameter Weibull distribution.

Based on the reliability function R;,4.(t) and the estimated
parameters, the reliability evaluation results in the entire life

cycle are further obtained.
5.1. The numerical example

In this subsection, a simulation experiment is carried out to
verify the reliability model and the estimation process. The
degradation samples are generated by the Wiener process, while
the sudden failure samples are obtained by the three-parameter
Weibull distribution. We set the /mu=0.05, /sigma=0.009, the
time length is 100, and the samples size is 20. The degradation

samples are shown in Fig.5.

m failure threshold L
6f /
5H —4A— normal data

—— degradation failure data
—t— sudden failure data

Degradation X(t)

IRTRIRIRT T ITT]
uuuueuouuu

40 80

20

100
Time

Fig.6. The distribution of different failure process.

[i=0.04265,5%=0.009234, which represent the estimation
results of the MLE method and indicate its accuracy. Hence,
according to the non-informative prior distribution, the
positional parameter y of 6, is assumed as follow the uniform
distribution( y ~U[0,4000]), shape parameter [ follow the
uniform distribution( S ~UJ[0,1]), and the proportional
parameters o, follow the normal distribution(o~N(0,100)).

Table 1. The parameter estimation results of MCMC-MH

sampling method.

Parameter Mean Variance MCE
Co -0.5073 1.6223 0.00016
c1 1.8189 0.0855 0.00022
a 54.9363 1.7995¢+03 0.00001
B 505.0679 5.2243e+04 0.00042
y -0.9931 68.9973 0.00006

Furthermore, the prior distribution of parameter8;follows
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the normal distribution (cy~N(0,100),c;~N(0,100)). The

initial value of a,B,Y, ¢y C1

parameters
(a(o)”g(O),y(O)' CO(O)' o (0)) = (0,0,0,0,0).
Based on the formulas (21)-(25), the MCMC-MH sampling

algorithm is used to estimate the parameters of the competitive

Iteration process of parameters
iy

C.» Cor 7 By«

0
10

o

-10

0 5000 10000 0 5000 10000
500 iteration times 1000 iteration times
] =% 0
-500 -1000
0 5000 10000 0 5000 10000
200 iteration times iteration times
s 0
-200
0 5000 10000

iteration times

failure reliability model. To evaluate the steady ability of the
estimation process, the samples are extracted 10000 times
repeatedly, and the estimation results of the numerical samples

are shown in Table 1.

Traverse mean of the parameters

€y Sy T B o«
4 1
o 2 ——— 4 &~ 0 Mwu__—_“
0 -1
0 5000 10000 0 5000 10000
100 iteration times 1000 iteration times
- 0 F—v_‘ 0 ’—/d_—_'—
-100 -1000
0 5000 10000 0 5000 10000
iteration times iteration times
50
3 0 h
-50
0 5000 10000
iteration times

Fig. 7. the parameters estimation results of numerical samples.

It is obvious that the parameters are convergence by the
MCMC-MH sampling method. Based on the estimation result,
the reliability results can be obtained by the formulas(14).
Furthermore, the reliability of the independent degradation
process is used to compare with the model proposed in this

paper, the comparison results are shown in Fig.8.

1 gt T T T T
Z% —+— Competing failureR.__ (t)
09F ) inde

—A— Independent failureR de(t)

0.8+

0.7F|

§ Independent sudden failureRS(t)
%:f —+— Independent degradation failureRD(t) 7

A
0.6

0.5

Reliability

0.4

+*
b
% 0.13¢
%

03l 0.12F i
0.11+¢
0.2+
11.5 12 12.5 13 135
0.1F
0 | S 1 =
0 20 40 60 80 100

Degradation time/ ( 250 h)

Fig.8. The comparison results of different reliability model
under the numerical samples.

In Fig.8, the X-axis is the variable # (no physical meaning),
the Y-axis represents the degradation amount. It is obvious that
the reliability results under competing failure process is higher
than other failure process, and the failure time is less than the

independent failure process. The results of independent sudden

failure process are far lower than the Riw.(f), Hence, the
competing failure process can reflect the real state, and the
constructed reliability model has been proven to be useful in the
process of reliability assessment.

To analyze the influence of failure threshold L on the
reliability model, the sensitivity of it is calculated and shown in

Fig. 9.

Sensitivity of failure threshold L

T T T

—&— Failure threshold=5

—— Failure threshold=10
Failure threshold=15 |

—t— Failure threshold=20

0.8

Reliability
o
o

I
I

0.2

0 20 40 60 80 100
time

Fig. 9. The sensitivity results of failure threshold.

In Fig.9, the higher the value of failure threshold L, the
higher the reliability results. In other words, a higher failure
threshold indicates that the conditions for system failure are
more stringent, resulting in higher reliability outcomes, which

aligns with the actual state.
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5.2. The real case application

GaAs lasers are widely used in industrial systems, the failure
process includes two parts. On the one hand, excessive current
density can cause device overheating and may cause excessive
carrier density, leading to gain saturation. Generally, the current
threshold is set to 10%. When this threshold is exceeded, the
laser will fail due to degradation. In addition, the driving current
of the laser directly affects its working state, and even in
extreme cases, it can cause thermal breakdown of the material,
resulting in sudden failure. Therefore, the failure process of the
laser is very consistent with the failure model established in this
article.
A. Dataset description
The laser degradation process is established by the Wiener
process, and the sudden failure time is determined which
follows a three-parameter Weibull distribution. The
performance degradation of GaAs lasers is mainly due to the
percentage change in operating current, and the current
degradation data is shown in Fig.5 [33]. The total number of
samples is 15, which is the number of monitored lasers, with a
time interval of 250 (4). The laser is tested at a temperature of
80°C and becomes ineffective when the working current
increases to 10% of the initial value. Hence, according to expert
experience and historical data, the soft failure threshold L of
GaAs lasers is 10, that is, when the current percentage exceeds
10%, the GaAs laser will fail.
P
{failure threshold L { /
o ¥ g
—<— normal data

|| — ¥ degradation failure data
—t— hard failure data

Work current(%)
(o]
T

r r r r r r r r

1 2 3 45 6 7 8 9 1011 12 13 14 15 16
Degradation time (250h)

Fig. 10. The current degradation trajectory of GaAs lasers.
In Fig. 10, the degradation of samples 1, 6, 10 are exceeded
the soft failure threshold L within the measurement time 4000

(h), causing laser degradation failure; Due to the degradation of

the working current of laser samples 3,14 are no longer changes
after the measurement time 3500 (/), it is determined that the
laser has experienced sudden failure caused by the external
environmental shocks; The remaining samples are not failed
during the measurement time. Therefore, the total number of
samples N=15, the number of not failure samples Z=10, the
number of hard failures V=2, and the number of soft failures
M=3. Based on expert experience and historical data, it is
known that the soft failure threshold L of the laser is L=10 (%).
B. The parameter estimation of constructed reliability
model

Since the degradation amount of the laser degradation sample
during the measurement time is not monotonic increasing, and
the performance degradation at a certain monitoring time will
decrease and then increase, the laser degradation data are the
non-monotonic samples. The physical performance variables of
laser degradation only include the working current. Hence,
using the one-dimensional Wiener process to describe the
degradation process is in line with actual working conditions.

In this paper, the sudden failure time distribution of GaAs
laser follows a three-parameter Weibull distribution, while the
position parameter represents the product will not fail within y,
the shape parameter S represents the failure rate of the laser will
change with the measurement time, and the scale parameter a
indicate the scaling of the failure rate. Therefore, based on the
formula (14), the reliability model of the GaAs laser can be
obtained.

Hence, same as the parameter estimation process in the
subsection 5.2-A, the estimation results of the GaAs samples are
shown in Table 2.

Table 2. The parameter estimation results of MCMC-MH

sampling method.

Parameter Mean Variance MCE
Co -0.6130 1.6323 0.00027
¢ -0.5765 0.3466 0.00002
a 0.0053 0.1360 0.00001
B 0.6564 0.2073 0.0001
Y 14.0610 7.5329 0.00036

The Monte Carlo error (MCE), the iterative process as well
as the traversal mean results of the parameters@,,0;are used to
describe the convergence degree of the MCMC-MH algorithm
for the constructed reliability model, which are shown in
Fig. 11 and Fig. 12.
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Fig. 11. Traversal mean of estimated parameters.

From the experience results, the Markov chain process of
the parameters has reached convergence, and the parameters
value are obtained. Based on the estimation results, the
reliability operation curve of the constructed competitive failure
reliability model can be obtained. The life distribution density
function GaAs lasers over measurement time can be further
calculated. Based on the formulas (14-15), the parameters@, =
(u, 5?)of the Wiener process is estimated, and the reliability
analysis and experimental results are described in the next
section.

C. The reliability analysis and results

1 15
——#— Competing failureRmde(t)
0.9 —— Independent failureR () i
0.8l Independent sudden failureRS(t)
—+— Independent degradation failureRD(t)
0.7
0.6
2
g 05
©
X o4f
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0.1 \
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Degradation time/ (250 h)

Fig. 13. The reliability under different failure process.
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Fig. 12. Estimation parameter iteration process

By incorporating the estimated values into formula (14), the
lifetime distribution density function and reliability curve of
GaAs lasers over time can be obtained. To verify the accuracy
of the established reliability model, the comparison results of
lasers corresponding to individual failure processes,
independent failure processes, and competitive failure
processes were compared, as shown in Fig.13.

In Fig. 13, the red line Riuq. (¢) is the reliability change curve
of the model constructed in this paper, the blue line Ry (¢)
represents the reliability results corresponding to independent
failure. The green line Rs (f) and black line Rp (¢) are the
reliability results of GaAs laser that suffer from single failure
process, respectively. It is evident that the proposed reliability
result Rinqe (f) based on the three-parameter Weibull and Wiener
processes is in line with the actual operating state mostly. The
failure rate in the early usage stage of the laser is relatively low,
but when the failure threshold L is exceeded by 10%, the
reliability of the laser rapidly decreases and with a higher failure
rate. At this moment, replacement or intelligent maintenance
strategies should be considered to improve the wusage
performance. When the different failure processes
independently existed in the operation process, the reliability
results Rq.(#) with independent failure process underestimate the

actual reliability of the laser seriously, and the failure time is
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earlier (the reliability is already lower than 0.024 at the time
(500h)), which will affect the normal operation and
maintenance strategy of the laser.

Furthermore, when only considering a single failure state,
there will be a significant impact on the reliability results of the
laser. For example, when only the degradation failure process is
considered in the reliability modeling, the reliability Rp (f) of
the laser will continue to be high, which will overestimate the
reliability of the laser and cause misjudgment for normal
maintenance. On the other hand, when only sudden failure Rs(f)
is considered, the high-reliability time of the laser is too short,
resulting in the inability of the laser to operate normally.
Therefore, the reliability results also indicate the effectiveness
of the model established in this paper in the system reliability
evaluation process.

Furthermore, to demonstrate the advantages of the three-
parameter Weibull distribution in the reliability modeling under
competing failure process, this article compares the different
sudden failure process (three-parameter Weibull distribution
and two-parameter Weibull distribution), the comparison results

are as shown in Fig. 14.

1 e = 3 T T 3
%s-: —&— Three-parameter weibull distribution
08 %?. —S— Two-parameter weibull distribution
> 0.6 -
E
o
o
X 0.4
0.2
0 = : ‘ R EREDERRRR
0 10 20 30 40 50

Degradation time/ ( 250 h)

Fig. 14. The reliability under different sudden failure process.

In Fig. 14, due to the positional parameters y, with the
extension of monitoring time, it can be seen that the reliability
results corresponding to the competition failure process based
on the three-parameter Weibull distribution are better than those
corresponding to the two-parameter Weibull distribution, and

can maintain higher reliability within the entire operation time.

This indicates that the reliability model method based on the
three-parameter Weibull distribution is feasible and has better
analytical results.

Sensitivity of failure threshold L

1 T T T
—4— Failure threshold=10
—— Failure threshold=9
0.8 Failure threshold=8
—t— Failure threshold=7
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X 04r
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Fig. 15. The sensitivity of failure threshold.

For the sensitivity evaluation of model parameters to the
reliability model, the laser reliability with different parameter
values is set to compare the performance. Since the different
failure thresholds correspond to different failure processes of
lasers. First, the different failure threshold is changed L=[7,10],
and the corresponding reliability results are as shown in Fig. 10.
The red, blue, green, and black lines correspond to reliability
results with failure thresholds of L=10%, L=9%, L=8%, and
L=7%, respectively. The larger the failure threshold L, the
longer the degradation time corresponding to the current
degradation failure of the laser, the fewer failure samples, and
the higher the reliability of the laser. This is in line with the true
operating state of the laser. Therefore, the specified failure
threshold of the laser can be set based on the relationship
between the failure threshold and the operation reliability.

Furthermore, to analyze the influence of reliability models
on different parameters in the three-parameter Weibull
distribution, two parameters in the Weibull distribution are fixed,
and the value range of one parameter is changed to obtain the
operation reliability results. In the three-parameter Weibull
distribution, the reliability results under different positional
parameters y, scale parameters a, and shape parameters /5 are

shown in Fig. 16.
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Fig. 16. Sensitivity of different Weibull parameters. (a). positional parametersy (b). scale parametersa (c). shape parametersfs

In Fig. 16, the X-axis represents the laser degradation time,
and the Y-axis is the reliability results corresponding to different
parameters. In Fig. 16 (a), before the monitoring duration of
3000 (%), the reliability corresponding to different position
parameters remained almost unchanged. However, after the
measurement time 3000 (%) of laser, the position parameters are
proportional to the laser operation reliability, with the larger the
value, the higher the reliability R(f); Fig. 16(b) shows the laser
reliability corresponding to different scale parameters. When
the measurement time is less than 2000 hours (i.e. 7<2000 (%)),
the scale parameters will not affect the reliability results of the
laser. However, when the running time is greater than 2000 (),
the scale parametersaare proportional to the laser reliability.
The larger the scale parameters, the higher the reliability results
R(?), and the longer the failure time of laser; In Fig. 16 (c), the
influence of shape parameters on laser reliability will changes
with the measurement time. When the operation time less than
2250(h) (i.e. T<2250 (h)), the shape parameterfSdoes not affect
the laser reliability. When the operation time 7T is greater than
2250(h)and less than 4450(h) (i.e. 2250(h)<T<4450(h)), the
larger the shape parameters f, the greater the operation
reliability of laser. When operation time 7>4450 (%), the shape
parametersSare inversely proportional to the reliability of the
laser. Therefore, when setting shape parameters, it is necessary
to determine the effective size of shape parameters based on

different maintenance needs.
6. Conclusion

In the operation of the complex system, when external
environmental shock samples cannot be directly recorded,
a reliability evaluation method based on a three-parameter
Weibull distribution and Wiener process is proposed in this

paper. The degradation failure process and sudden failure

process of the system are described using a univariate Wiener
process and a three-parameter Weibull distribution, respectively,
representing competing failure processes. A nonlinear
exponential function is employed to establish the relationship
model between the degradation process and the sudden failure
process, and the corresponding reliability model under the
competitive failure process is derived. To accurately obtain the
reliability evaluation results, the Bayesian method is combined
with the MCMC-MH sampling algorithm to estimate the values
of the proposed reliability model. Subsequently, the established
model is validated using real performance degradation samples
and compared with different reliability models. The impact and
sensitivity of the proposed model on various parameters are
analyzed. The simulation results demonstrate that the
constructed model in this study better aligns with the actual
operating state and can enhance the operational reliability of the
system. The proposed reliability evaluation method provides an
analytical basis for the maintenance strategy of repairable
systems and enables the calculation of the remaining life of the
system within its lifecycle based on this model, thus further
extending the service life of the system.

In the future work, there are 3 points should be considered.
1) a dynamic failure threshold will be considered to modeling
the failure process. Since the system or equipment is affected by
environmental shocks, fixed failure thresholds do not conform
to the actual operating state. 2) Due to the complexity of the
actual operating environment of the system, the simple three-
parameter Weibull distribution may not accurately describe
sudden failures. In the future, a combination of multiple
distributions will be considered to establish a sudden failure
model. 3) How to combine the reliability assessment process
with model fault-tolerant control is an important research

direction.
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