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Under certain special environmental conditions, the failure mechanisms of motor systems often exhibit the
coexistence of degradation-induced failures and sudden shock-induced failures, making traditional reliability
analysis methods based on a single failure mode inadequate for accurately characterizing such complex failure
behaviors. To address this issue, this paper proposes a motor reliability assessment method based on competing
failure modeling. First, by analyzing lifetime data of motors operating under special environments such as low
temperature and icing/freezing rain, marginal distribution models for degradation failures and shock failures are
established, respectively. Subsequently, a Copula function is introduced to describe the statistical dependence
between the two failure modes, and a degradation—shock competing failure model is constructed to capture the joint
failure behavior of the motor system. Finally, combined with simulation data, the variations in reliability under
different environmental stress levels are evaluated. The results demonstrate that, compared with single-failure-mode
approaches, the proposed method yields reliability predictions that are closer to actual conditions, effectively
reflecting the coupled effects of multiple failure mechanisms in special environments and significantly improving
the accuracy and applicability of reliability assessment. The proposed approach provides a new modeling framework
and theoretical reference for reliability design and lifetime prediction of motor systems under complex service
conditions.

Keywords: Motor reliability, Competing failure model, Degradation failure, Shock-induced failure,
Copula function, Special environments.

1. Introduction evolution of equipment to exhibit characteristics
of multi-mechanism coupling and pronounced
uncertainty.

Taking polar marine equipment as a
representative example, startup reliability after
long-term storage is a critical indicator, as
environmental factors can induce lubricant
degradation and instantaneous damage. During
operation, motors face not only continuous
performance degradation (Lang et al. 2025), but
also sudden failures caused by random shocks,
such as ice impacts and wave-induced vibrations
(Huang et al. 2023). The failure process is
essentially characterized by the competition and
coexistence of "slow degradation" and "random
shocks."

However, existing methods typically assume a
single failure mechanism(Muhammad et al. 2024).
In degradation modeling, researchers often utilize

Under polar and marine environments, equipment
systems are exposed to the combined effects of
multiple factors, including low temperatures,
icing, strong winds, salt spray, and severe
humidity fluctuations. Consequently, their
performance degradation behaviours and failure
mechanisms differ significantly from those under
conventional operating conditions(Gao et al. 2019;
Su et al. 2024). Low temperatures reduce the
plasticity and fracture toughness of metallic
materials, leading to embrittlement and crack
propagation; high-humidity and salt-spray
environments readily induce electrical corrosion
and insulation degradation; and temperature
cycling may cause thermal stress concentration
and solder joint fatigue (Wileman et al. 2021).
The long-term superposition of multiple
environmental stresses causes the reliability
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stochastic processes, such as the Gamma process
and its variants(Leadbetter et al. 2024; Castro and
Landesa 2024) , while shock modeling focuses on
the characterization of extreme shocks and
stochastic thresholds(Dshalalow and White 2022;
Shamstabar et al. 2024; Mohtashami-Borzadaran
etal. 2021). However, given the multi-mechanism
coexistence and small sample data constraints in
polar environments, traditional models struggle to
accurately capture failure characteristics, often
leading to prediction bias.

Against this background, this paper focuses on
marine machinery motors operating in polar
the  failure
characteristics arising from the concurrent effects

environments.  Aiming  at
of degradation and random shocks, competing
failure theory is introduced to develop a reliability
modeling and assessment framework capable of
simultaneously describing performance
degradation evolution and sudden shock effects.
The proposed approach provides theoretical
foundations and engineering support for the
analysis of cold-resistance validation test data,
lifetime prediction, and reliability assessment of

polar equipment.

Motor

2. Basic Structure and Failure Analysis of
Marine Deck Motors
2.1. Basic Structure of Deck Motors

Electric motors used in marine deck machinery
serve as the power source for deck equipment,
providing the driving force required for deck
machinery to perform its intended functions.
Marine deck machinery is mainly composed of
lifting and hauling equipment, such as windlasses,
winches, cranes, and gangway winches.

Deck motors for marine lifting applications
mainly consist of a stator (including the housing,
stator core, and armature windings), a rotor
(including the shaft and rotor core), as well as end
covers, position sensors, and other components.
The basic structure of a typical deck motor is
illustrated in Fig. 1 and Fig. 2.
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Fig. 1 Basic structure of a marine deck motor.
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Fig. 2 Main components of the motor assembly
Deck machinery motors are predominantly which three-phase AC windings (armature

three-phase AC induction motors (asynchronous
motors). Their operating principle is as follows:
after the stator windings are energized, a rotating
magnetic field is generated at synchronous speed.
This magnetic field cuts through the rotor
conductors, inducing currents in the rotor
according to the principle of electromagnetic
induction. The induced currents interact with the
magnetic field to produce electromagnetic forces,
generating torque that drives the rotor to rotate,
thereby efficiently converting electrical energy
into mechanical energy.

The stator consists of a laminated core made of
high-permeability silicon steel sheets, within

windings) are embedded. During operation, the
stator produces a rotating magnetic field that
converts electrical energy into a magnetic field
and drives the rotor. Meanwhile, the windings are
insulated with moisture-resistant and salt-spray-
resistant insulation materials (such as Class F or
Class H insulation), providing high insulation
performance to ensure long-term reliable
operation in humid environments.

2.2. Failure Mode Analysis of Deck Motors

Marine deck machinery motors operating for
extended periods under polar multi-stress
coupled environments are simultaneously
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subjected to multiple environmental stresses,
including low temperature, high humidity,
vibration, and salt-spray corrosion. These factors
inevitably lead to degradation in component
performance and a decline in overall reliability.
The operating environment of deck machinery
motors is characterized by large fluctuations in
temperature and humidity as well as strong
corrosiveness. Specifically, the typical operating
temperature range is from —25 °C to 45 °C, which
may rise to 60 °C under special conditions. The
ambient relative humidity can reach up to 95%,
and the motors may be exposed to condensation,
salt spray, oil mist, mold, as well as seawater

corrosion and immersion. Furthermore, the
shocks and vibrations induced by vessel
inclination and rolling, combined with
continuous erosion from high-humidity and high-

salt environments, further accelerate the
degradation process of the motors.
Under the combined influence of the

aforementioned environmental stresses, various
failure modes may occur, including phase-to-
phase or phase-to-ground short circuits of
windings, inter-turn short circuits, bearing
damage or lubrication failure, corrosion of the
motor frame or shaft, and stator—rotor rubbing, as
summarized in Table 1.

Table 1. Failure Mode Analysis of the Motor.

. Failure ... .
Components Failure Mode Mechanism Sensitive Stress Severity/Impact
. Insulation aging, short Chemical/Ther Temp, Humidity, Severe; leading to
Stator Windings circuits (inter-turn/ground) mal Aging Salt spray functional failure
. Fracture, lubrication failure, Fatigue, Wear, Vibration, General/Severe;
Bearings . . . accelerated by
inflexible rotation Overstress Shock, Temp . T
lubricant oxidation
Corrosion. stator-rofor Corrosion, Seawater, General; impact
Rotor & Shaft . ? Mechanical Humidity, Salt depends on
rubbing -
Wear spray operation status
Core/Housin Magnetic degradation, Corrosion, Salt spray, i(r}rfnaezl\;vﬁlﬁmmal
using loosening, oil leakage Fatigue Vibration P

protection

3. Competing Failure Reliability Analysis
3.1. Random Shock Models

Sudden failures, triggered by external shocks,
occur independently of long-term degradation.
Characterized by randomness and instantaneity,
they typically manifest as component failure from
mechanical impacts, power surges, or electrical
overloads. Common modeling approaches
include cumulative, 6 -model, and extreme
shock models, with selection depending on
specific  failure  mechanisms and data
characteristics.

According to the failure mode analysis (FMEA)
of the motor, overstress-induced shock is the
dominant driver of sudden failure, primarily
originating from bearing failure under extreme
external loads. Consequently, the extreme shock
model is adopted in this study to characterize the
sudden failure process of the motor system.

Unlike the cumulative shock model, the
extreme shock model focuses on the effect of a

single random shock. An extreme shock refers to
a shock whose amplitude reaches an extremely
high level in a physical sense and exceeds a
critical strength that the system can withstand,
causing immediate system failure. For example,
when the voltage or current applied to a diode
exceeds its tolerance limit, breakdown occurs
directly.

In the extreme shock process, the shock
amplitude is denoted by W, , and the hard failure
threshold of the extreme shock process is denoted
by D . When the amplitude of any shock exceeds
the hard failure threshold, the system experiences
shock-induced hard failure. The arrival process of
shocks is assumed to be a homogeneous Poisson
process with parameter 6. Then, the probability
that N(7) shocks occur in the interval [0,t] is
given by:

()’

P(N(t)=n)= exp(—/lt)T
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where N(#) represents the number of shocks,
A is the arrival rate of the shock process, and
n=0,1,2,.... It is generally assumed that the
shock amplitudes are independent and identically
distributed, denoted as W, ~ N(u,,o;, ) . The

probability that the component does not fail when
subjected to a single shock is given by:

D—py

Oy

where D is the hard failure threshold, and
®() is the cumulative distribution function of a

POV, <D):d>[

standard normal random variable. The probability
that the component remains reliable under
extreme shock loading is:

R(t) = iP(N(t) = n,ﬁ(W, < D)J = iP(N(t) = n)~ﬁP(W <D)

3.2. Degradation Process Models

The degradation of key performance parameters
varies across equipment types, exhibiting distinct
statistical characteristics and stochastic evolution
patterns. Accurately characterizing this behavior
requires selecting a stochastic process model that
aligns with specific degradation mechanisms and
data profiles. For deck machinery motors
operating in polar multi-stress environments,
both Wiener and Gamma processes are widely
recognized for degradation modeling.

However, based on the failure analysis of the
motor, the aging and corrosion of armature
windings are identified as the dominant
degradation modes. This specific performance
deterioration is characterized by continuous
progression and random fluctuations rather than
strictly monotonic accumulation. Therefore, the
Wiener process is selected in this study as the
optimal framework to model the motor's
degradation trajectory, as it effectively captures
both the deterministic drift and the inherent
stochastic variability of the insulation aging
process.

The Wiener process is a class of stochastic
processes with continuous trajectories and
independent increments, and it is commonly used
to describe degradation behaviors that exhibit
both deterministic trends and random fluctuations.
Assuming that the product performance
degradation amount Y(¢) follows a Wiener

degradation process, its mathematical form can
be expressed as:

Y (1) = Y(0) + pA(t) + 5 B(A(r))

where u is the drift parameter, o(o > 0) is
the diffusion parameter, A(¢) is a function of
time, and B(A(¢)) denotes standard Brownian

motion related to the function of time. The initial
degradation amount is assumed to be Y(0)=0.

For a Wiener process, the degradation increment
AY(t)=Y(t+At)-Y(r) follows a normal

N(uAA().0°AA(D)) . where
AA(7) = A+ A)— A7) The

density function of the degradation amount Y (¢)

distribution

probability

is given by:

(Y—yA(r»l},exp(wjexp{,(r—zn—w)z}
2
[en

1
Y)= -
IO ea ™ { 20°A0) 20°AG)

When s=0, the mathematical expectation and
variance of the Wiener process are respectively:

E(Y(1))=0
Var(Y(6) = EQY(t)) ~ E*(Y (1) = 1

When the product degradation follows a
Wiener process, the failure threshold of the
performance parameter is defined as D, and the
product  lifetime is denoted by T.
T =inf{t| Y(¢) > D} represents the first passage

time when Y(7) first crosses D . According to

the statistical properties of the Wiener process,
the lifetime 7 follows an Inverse Gaussian
distribution, and the reliability function of the
product is given by:

D— pA(f) 2uD D+ pA(t)
Z £ | £
o JA() } eXp( ? j { o JA(D) }

3.3. Competing Failure System Reliability
Model

Based on the degradation modeling of stator
insulation windings and the sudden/shock failure
modeling of bearings, a unified competing failure
model integrating the two failure mechanisms is
further established to achieve a quantitative
characterization of the overall failure behavior of
the motor under polar environmental conditions.

R(t)—d{
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A significant statistical dependence exists
between these mechanisms, as environmental
stressors and bearing shock events can accelerate
winding insulation aging. To capture this
interaction, a Copula function is employed to
construct the joint distribution from the marginal
distributions of degradation failure time 7, and

sudden failure time 7, :
H(ty,t,)=C(Fy(1,), F,(1,);0)

An appropriate Copula (such as Gumbel .
Clayton. or Frank Copula) is selected according
to the dependence structure characteristics,
thereby enabling a reasonable description of
different tail dependencies and improving the
joint failure behavior modeling of key motor
components.

A Copula function is a linking function that
connects the joint distribution function
F(x,x,,-+,%y) of a random  vector

X, X,,---, X, with its corresponding marginal
distribution functions F(x,), F(x,),---, F(xy) ,

equation.  When
continuous, the

as shown in  the

F(x]),F(xz),---,F(x,\,) is

Copula function is uniquely determined.
F(x,%,,,%,) = C(F (%), 5 (x,), -+, Fy (%))

Copula functions can be used to measure the
dependence among continuous random variables.
Consider two continuous random variables
(X,Y) with marginal distribution functions

F(x) and G(»), and joint distribution function
Cw,v) . 7,p,A denote the Kendall rank

correlation coefficient, the Spearman rank
correlation coefficient, and the tail dependence
coefficient of the random variables, respectively.
Their relationships are given by:

r:4ﬂﬂcwymcmyy4

p= 121.01 J.Olude(u,v) -3

u . 1-2u+C(u,v)
AT=lm—
u—1 —u
o 1. Clu,v)
2" =1lim
u—0" u

where:

U =F(x)~U(@0,1)
V=G(y)~UO,])

Cl-u,l=v)=PU >u,V >v)=1-u—v+C(u,v)

There are many types of Copula functions, and
different Copula functions are used to
characterize different dependence patterns. With
respect to Copula selection, the Akaike
Information Criterion (AIC) is commonly
adopted, which is applicable to Copula models
estimated using the maximum likelihood method.

AIC = -2In(MLE) + 2k
C,,, = argmin(AIC)

where k£ denotes the number of unknown
parameters. The Copula function with the
minimum AIC value is regarded as the optimal
choice.

According to Sklar’s theorem, if the specific
form of a Copula function is known, a
multivariate joint distribution function can be
flexibly constructed. Among various Copula
families, the Archimedean Copula is one of the
most important classes. Owing to its simple
construction and high flexibility, it has been
widely applied. Common Archimedean Copulas
include the Gumbel Copula function, Clayton
Copula function, and Frank Copula function.

Considering the failure characteristics of polar
motors in extreme environments—specifically,
the occurrence of one failure mode (such as
bearing shock) often triggers or accelerates
another  (such as  winding insulation
breakdown)—this "strong upper tail dependence"
aligns closely with the mathematical properties of
the Gumbel Copula. Therefore, this study adopts
the Gumbel Copula to characterize such
dependencies.

The expression of the two-dimensional
Gumbel Copula function is given by:

C(u,v;a) =exp {[( Inu)* +(=Inv)”“ ]i }

The corresponding
function is:

probability  density

C(u,v)(Inu-nv)*"
1

w{(=Inu)* +(—=Inv)“] «

c(u,v) =

{[(7 Inu)* +(~Inv)* ]% ra- 1}
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where o is the dependence parameter and
a €[l,40). When « =1, the random variables

u and v are independent; when a — +o0 , the
random variables » and v tend to be completely
dependent. The relationship between the Kendall
rank correlation coefficient 7 and the
dependence parameter « is given by:

r:l—l
a

4. Simulation Case Study

In this section, numerical simulation experiments
are conducted to verify the effectiveness of the
proposed model. It is assumed that a certain type
of motor used in marine deck machinery
undergoes 60 months of storage. During the
storage period, periodic inspections are carried
out every 10 days per month, and the reliability
requirement is that the reliability at 40 months of
service should not be less than 0.7. The test data
include sudden failure data represented by the
shock intensities experienced by the bearings and
degradation data represented by the degradation
values of the insulation windings.

The assumptions for sudden failure are as
follows: during the storage period, the number of
random shocks experienced by the bearings
follows a Poisson process with intensity A . The
bearing fails immediately only when the intensity
W, of a shock exceeds the critical threshold D of
the bearing.

Shock intensity distribution: it is assumed that
the intensity W, of each shock follows an

exponential distribution with mean x .

Reliability function: the probability that the
bearing does not fail within time #, which is
equivalent to the probability that none of the »
shocks occurring within time 7 exceeds the
threshold D .

RS (t) — Z—'[P(X < D)]n — e*/"»t[l*P(X<D)]
n=0 .

The degradation assumptions are as follows:
the aging of the motor insulation windings is
considered a continuous degradation process, and
a Wiener process is used to describe its
degradation trajectory Y(¢):

Y(t)= ut+oB(t)

(ﬂt)n e—ﬂ.t
n
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Failure criterion: when the degradation amount
Y(¢) reaches the prescribed critical threshold L,

the winding fails.
Its lifetime 7, follows an Inverse Gaussian

Distribution, and the corresponding reliability
function R, (¢) is given by:

| Lot Z;J_L L+t
Rd(t)_q)[ 0'\/;] exp( o’ jq)( 6\/;]

where @(-) denotes the cumulative distribution

function of the standard normal distribution.

Integrated failure modeling: a Copula-based
competing failure model is adopted. The
commonly used Gumbel Copula is selected
(which is suitable for describing tail dependence,
i.e., when one component fails rapidly, the other
also tends to fail):

Cu,v) = exp(-{(-Inu)’” +(~Inv)’1"*)

where 6 €[1,») is the dependence parameter.

When €=1, the two failure processes are
completely independent.

Overall system reliability function

The overall reliability R, (¢) of the motor is
defined as the joint probability that both the
bearing and the winding do not fail:

R, ()= P(T, > 1,T, > 1) = C(R (1).R, (1))

Substituting the specific Copula form yields:
1/0
R, (1)= exp(f[(fln R(0)’ +(~InR, (1)’ ] )

Specific parameter settings:

Parameter initialization:

Shock: A=0.08 occurrences/month,
D =500 units, X ~ Exp(200).

Degradation: g =1 units/month, o=0.9 ,

L =50 units.

Dependence: 0 =2 .

Trajectory generation: Monte Carlo simulation
is used to generate 1000 sets of degradation
trajectories and random shock sequences.

Lifetime calculation: for each sample, the
minimum value of 7, and 7, is recorded as the
system lifetime of the motor.

The resulting reliability function is shown in
Fig. 3.
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Fig. 3. Simulation of Competing Failure Model for Motor Storage

From the simulation curves of the three models
(sudden failure, slow degradation failure, and
Copula-based competing failure), the stage-wise
influence of different failure modes on system
reliability is clearly illustrated.

For the competing-failure system, the time at
which reliability decreases to 0.7 is
approximately 44 months. During the first 36
months of storage, sudden failure dominates
system failure. In this stage, the slow degradation
curve remains close to 1.0, indicating negligible
impact on reliability. In contrast, the sudden
failure curve declines slowly, and the system
reliability curve closely follows it, showing that
reliability reduction is entirely driven by sudden
failure risk.

Beyond 36 months, the dominant failure
mechanism shifts to slow degradation. The
degradation curve begins to drop steeply, and the
system reliability curve follows this trend.
Although sudden failure continues to decrease
slowly, it is no longer the main contributor to
reliability loss.

Compared with single-failure models, the
competing-failure model shows significant
advantages in evaluating motor storage
reliability:The sudden failure curve (green)
decreases slowly throughout storage, while the
degradation curve (blue) is stable early and drops
sharply later. The competing-failure curve (red)
captures both trends, consistent with the real
condition where sudden and degradation failures
coexist.

In the first 36 months, the red curve declines
gradually with the green curve, avoiding the
underestimation of early-stage risk in the single
degradation model. After 36 months, the red
curve drops sharply with the blue curve,
preventing the overestimation of late-stage
reliability in the single sudden-failure model.
Thus, accurate full-life characterization is
achieved.

The Copula-based red curve reflects the
coupled effect of the two failure modes, rather
than simple independent superposition. It
quantifies the dependence structure between
failure mechanisms and better represents the
actual failure behavior of the system.
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5. Conclusions

Motors under special environments usually show
both degradation and sudden failures under multi-
stress  coupling.  Traditional single-failure
reliability methods cannot accurately evaluate
their reliability. This paper presents a motor
reliability —assessment approach based on
competing failure modeling, which characterizes
both performance degradation and sudden failure
mechanisms, allowing comprehensive reliability
evaluation under special environments.

(i) The proposed method is suitable for motors
under complex multi-stress environments with
multiple failure modes, providing a unified
framework for reliability prediction and
assessment.

(i1) The competing failure framework overcomes
the limitations of traditional methods in
describing  multiple  failure  mechanisms,

improving the rationality of reliability prediction.

(iii) Simulation cases verify the feasibility and
engineering applicability of the method, which
can effectively predict motor reliability under
special environments and provide a technical
approach for reliability evaluation under multi-
stress coupling.

Although the competing failure model is
superior to traditional single-failure methods, this
study still has limitations. On the one hand, the
extreme shock model does not fully consider
cumulative shock damage. On the other hand, the
linear Wiener model cannot describe nonlinear
degradation. Future work will introduce
cumulative shock effects and nonlinear
degradation to further improve the robustness and
applicability of the method in complex
engineering scenarios.
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