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Abstract:  Insulation failure is a crucial failure mode of traction motors. Insulation deteriorates under both fatigue load and
shock. This paper focuses on proposing an optimal insulation condition-based maintenance strategy. By combining the infor-
mation obtained from periodic inspections with historic life information, an integrated model of time-based maintenance and
condition-based model is proposed, in which random shocks following Poisson process are also taken into account. In this model
we define that insulation has three states: normal state, latent failure state, and functional failure state. Normal state and latent
failure state differ in their operating cost, proneness to functional failure, and survival probability under extreme shocks. Preven-
tive maintenance (PM) will be launched if an inspection result exceeds the threshold or if the operating time reaches the critical
age. One operating cycle ends as soon as a preventive maintenance or a corrective maintenance is completed. Moreover, an op-
timization model is established, which takes minimal cost per unit time as the objective, and inspection interval and critical age

as the optimization variables. Finally, a numerical example illustrates the analytic results.
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1 Introduction

Traction motors are key parts of high speed
trains (Fang, 2011), and insulation failure is a key
failure mode. There are about 37% of traction motor
failures resulting from insulation failures (Zhou et
al., 2006). The reliability of insulation has a direct
effect on the safety and performance of high speed
trains.
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At the rated rotating speed, the winding insula-
tion of traction motors is subject to a continuous
high-voltage square wave pulse instead of a sinusoi-
dal voltage. Compared with a sinusoidal voltage, a
high-voltage square wave may apply a higher volt-
age with a high frequency. The high frequency also
intensifies the aging effect of dielectric loss, partial
discharge, and space charges on the insulation,
which may provoke premature failure.

Fatigue and shock play a primary role in trac-
tion motor insulation failure. Fatigue is associated
with electrical, thermal, and mechanical aging, and
shocks arise from the interventions of extremely-
high-voltage pulses of regional over-voltage, over
switched voltage, ring effect, and so on. Therefore, a
traction motor insulation can be treated as a deterio-
rating system subject to the combination of fatigue
load and shock load.
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Timely maintenance can free traction motor in-
sulations from sudden catastrophic breakdown.
Maintenance planning is of vital importance to guar-
antee safety and availability. Time-based mainte-
nance (TBM) and condition-based maintenance
(CBM) are two mainstream strategies of preventive
maintenance (PM) (Liu et al., 2007; Asadzadeh and
Azadeh, 2014; Gao et al., 2014). Up to now, TBM
based on historical life information is the main meth-
od for insulation maintenance, where maintenance is
scheduled based on a pre-specified age threshold. It
has obvious drawbacks, such as either excessive or
insufficient maintenance (Ma, 2008). With the devel-
opment of sophisticated inspection technology on key
performance parameters, such as the quantity of par-
tial discharge, the polarization index, and winding
insulation resistance, CBM shows great potential to
substitute for TBM. However, as far as we are aware
no CBM policy specific for motor insulations has
been proposed in previous studies.

The issue of CBM policies for deteriorating sys-
tems has attracted a lot of attention. Most CBM mod-
els rely on the accessibility to degradation process
information (Lu and Liu, 2014; Shi and Zeng, 2014).
Gebraeel et al. (2005) presented a maintenance mod-
el combining the estimation of residual life distribu-
tion based on the Bayes theory and PM, in which the
degrading function was assumed to be linear. Yang
and Klutke (2000) and van Noortwijk (2009) de-
scribed the degrading characteristics of deteriorating
systems by a Gamma process and a Levy process.

Life data collected by the manufactures of insu-
lation materials and the accelerating test results before
delivery both make the life distribution accessible, and
the integration of CBM and TBM is both possible and
a significant development in engineering practice. Up
to now research on TBM and CBM has remained sep-
arate. Data sharing between these two maintenance
modes is a problem and worthy of in-depth research
(Ahmad and Kamaruddin, 2012). By sharing the sta-
tistical process data, some researchers attempted to
establish the joint optimal models of CBM and TBM
for manufacturing systems (Panagiotidou and Tagaras,
2008; 2010; 2012; Yin et al., 2015). This model is
innovative by maximally using the life information
and state information and can be extended to deterio-
rating system maintenance with modification. In addi-
tion, Tang et al. (2015) provided an autoregressive
model to describe system degradation.

For shock models, Tang and Lam (2006) and
Lam (2009) proposed a maintenance model for dete-
riorating systems under J-shock, which worked out
the maintenance plan on the basis of the interval be-
tween two shocks. Hu (1995) and Montoro-Cazorla
and Pérez-Ocon (2014) established the model con-
sidering the shock effect by adopting a Markovian
process. All the above-mentioned shock models as-
sumed that each shock may lead to a discount of re-
sidual life. The accumulation of life loss is used as a
reference to set up maintenance models, but these do
not match the extreme shock situation of traction
motor insulations. Some researchers also extended
the degradation-threshold-shock model of optimal
maintenance, which integrated degradation and
shock effects and described them with stochastic
process models (Wang et al., 2011; Castro, 2013; Lin
et al.,2014; 2015; Caball¢ et al., 2015; Castro et al.,
2015).

In summary, for the application of CBM in insu-
lation maintenance, it is a big challenge to establish
an integrated model of TBM and CBM, one which
explicitly takes extremely-high-voltage shock effect
into account. In this paper, we propose a mainte-
nance policy in which periodic inspections are con-
ducted to evaluate insulation performance and the
preventive maintenance actions are initialized by
exceeding the critical age or exceeding a pre-
specified inspection threshold. An optimization
model is set up, which takes inspection interval and
the critical age as the optimization variables, and
minimal maintenance cost per time unit as the opti-
mization objective.

In this paper, we first describe the problem set-
ting, and the basic assumption of the maintenance
strategy with details. Then, we focus on the optimi-
zation model and establish the optimization model
ignoring the shock effect as a preparation for future
analysis. At last, the proposed model is validated
through a numerical example.

2 Problem statement and description

The proposed maintenance strategy is described
as follows.

1. The failure modes of traction motor insula-
tions can be divided into two categories (Yao et al.,
2013):
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Failure a: The first type of failure, the situation
that functional failure occurs while inspection data
does not reach or exceed the threshold value. A cor-
rective maintenance (CM) should be executed.

Failure b: The second type of failure, the situa-
tion that inspection data reaches or exceeds the
threshold value with no occurrence of functional
failure. A PM should be executed.

Failure « is directly observable and self-
announcing, while Failure b can only be detected
through offline inspections. Fig. 1 describes the
operating and failure modes of traction motor
insulations.
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Fig. 1 Operating and failure modes of insulations

2. Traction motor insulations can work in two
states, normal state and latent failure state. Latent
failure state is a transition state between normal state
and functional failure state. During this period, insu-
lations have shifted from a stable period to an accel-
erating aging period, and their failure rate increases
acutely, that is to say the probability that functional
failure occurs in this state is higher than that in nor-
mal state. s={0, 1, 2} is the state set of traction motor
insulations, and states 0, 1, and 2 represent normal
state, latent failure state, and functional failure state,
respectively. When insulation is under state 1, the
operation cost of traction motors will increase due to
the decrease of motor efficiency. Under either state 0
or state 1, insulation can jump to state 2. Note that
the probability of the jump from state 1 to state 2 is
higher than that from state 0 to state 2. Fig. 2 clari-
fies the state transition mechanism, in which Ps; is
the failure probability at state i (=0, 1) after each
shock, f(¢) is the probability density function (PDF)
of the time from normal state to latent failure state,

¢o(?) is the PDF of the time to functional failure state
in normal state, and ¢,(¢) is the PDF of the time to
functional failure state in latent failure state. The
difference between Fig. 2 and the one proposed by
Panagiotidou and Tagaras (2010) is that shocks are
integrated into the state transition process.
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Fig. 2 State transition mechanism

3. The offline inspections on the performance
indicator are performed periodically (assuming in-
spection is perfect). Generally, the inspection times
should be an arbitrary value independent of each
other. However, the optimization model itself is al-
ready extremely complicated, and if we set the in-
spection times as arbitrary values, which may add
more complexity to the optimization model, it is too
hard to obtain a convergent solution in practice. So
for practical feasibility, the inspection will be taken
with a constant interval or the interval should obey a
simple rule. In this study, a constant inspection in-
terval is adopted to simplify the optimization model.
When the performance of insulations is lower than
the national standards, Failure b happens, and PM is
called for to restore insulations to the normal state.
For simplicity, we define the duration of N inspec-
tion intervals as the critical age, beyond which the
failure rate of insulations will be unacceptably high.
If insulations can survive N inspection intervals
without any state transition or failure, a PM is
scheduled to be carried out. Once Failure a happens,
the motor has to stop without any delay and an
emergency control mechanism should be launched to
let other traction motors share its traction load. In
this situation, CM is indispensable. Once a mainte-
nance action is triggered, either PM or CM, an oper-
ation cycle ends and a replacement action is



600 Zhang et al. / J Zhejiang Univ-Sci A (Appl Phys & Eng) 2015 16(8):597-606

performed due to the high safety requirement of high
speed trains without considering the delivery time of
spare parts. Insulations will restore to an “as-good-
as-new’’ state after maintenance, which also indicates
the start of a new operation cycle.

4. Insulation is subject to external random
extremely-high-voltage shock which occurs accord-
ing to a Poisson process with 4 as the intensity pa-
rameter. The failure probability after each shock for
state 0 is smaller than that for state 1 (Pso<Ps;). Here
we ignore the influence of extreme shocks on insula-
tion residual life (Chen and Li, 2008).

5. A(t))={ao, a1, a2} is the maintenance action
set at time ¢;, where a represents no maintenance
action, and @, and a, are PM and CM, respectively.

6. E:{E(T()), E(T]), PpM, PCM, Tc, T]N} is the
operation state parameter set. £(7;) is the expected
time at state i (i=0, 1) in an operation cycle; Ppy and
Pcm are the probabilities to carry out PM and CM
within one cycle, respectively; Tc¢ is the pre-defined
critical age, and Ty is the interval between two con-
tinuous inspections. Note that 71y is a fixed value
and Tc:N T IN-

7. C={Cy, Ci, Cpm, Ccm, CiN, CPT} is the cost
set. C; is the operation cost at state i (7=0, 1) and
C>Cy; Cpm, Cem, and Cry are the costs of one PM,
one CM, and one inspection, respectively; and CPT
is the operation cost per unit time within one cycle.

3 Mathematical model development

In this section, we will establish an optimization
model for traction motor insulation maintenance, in
which the minimal CPT in an operation cycle is re-
garded as the optimization objective. Since CPT is a
function of the variables of N and Ty, they are de-
fined to be the decision variables with the constraints
set as follows: {Tc>Tn>0; C>Cop>0; Cen>Cpv>0;
Ps1>Psg; N>2}.

The expected operation time within one opera-
tion cycle comprises the expected operation time at
state 0 and the expected operation time at state 1.
The expected cost within one cycle includes the ex-
pected costs of operation at state 0, operation at state
1, inspections, PM, and CM.

Then, the objective function can be expressed
as

_E©)
CPT = —E(T) , (1)

where E(C) and E(T) are the expected cost and ex-
pected operation time of one cycle, respectively, and

E(Cy=E(T,)C, + E(T))C, + By Gy
+ By Coy + E(AN)C,
E(T)=E(T,) + E(T),

where E(IN) is the expected number of inspections
within one cycle.

In the rest of this section, we focus on the deri-
vation of the variables in this model.

3.1 Failure rate of insulations under shocks

Suppose ¥(t, i) is the survival cumulative dis-
tribution function (CDF) of insulations under high-
voltage shocks in the duration of # when operating in
state i. According to Poisson process theory, we can
obtain

P(t,i)= i[(}z ') e “(1- PS,.)k} =exp(-AR,). (2)

The failure CDF under shocks within period ¢ at
state i (=0, 1) is

V() =1-¥ (1),
and the corresponding PDF is

@#(t,10) = AR, exp(-ALER,,).

3.2 State transition probability during a single
inspection interval

Suppose #-; (i=1) is the time when the (i—1)th
inspection is taken, in which # means the initial time
of a new operation cycle and at ¢y insulations are as-
good-as-new. Suppose s(t;) is the state at time ¢;, and
if s(¢-1)=0, traction motor insulation will continue to
work. In the duration of #,_;—#;, four scenarios may
occur:
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(1) Scenario a: during the interval of #,—;, no
state transition occurs, that is to say s(#,)=0. Then we
can obtain the condition probability of occurrence of
Scenario a as

P =P{s(t,)=0]s(t,,)=0
U(vre(r_,,t], s()=1Us(r) #2)}
1-@) 1-F() ¥P(1,0)
1-@¢ ) 1-F(t_) ¥(_,0)
_ Q@) F@)
Q) F(1.)

3)

¥ (T, 0),

where F(7) is the CDF of the time from normal state
to latent failure state, @y(¢) is CDF of the time to
functional failure state in normal state and @(¢) is
the CDF of the time to functional failure state in la-
tent failure state, and

@,(1) =1-By(1),
F(ti)zl_F(ti)'

(2) Scenario b: during the interval of #_—¢;, the
operation state starts at state 0 but ends at state 1,
which means that one state transition from state 0 to
state 1 occurs without the occurrence of functional
failures. The condition probability of occurrence of
Scenario b can be expressed by

B =P{s(t,)=1|s(t_)=0UVre(_,1], (1) #2)}
oy [ B0 B)
fi F(ti—l) Q_)O(ti—]) Q_)l(t)
W (t—t_, OV (Ty —t+t,_,,1)dt,

(4)

where
B (1) =1-B(0).

(3) Scenario c: at some time between the inter-
val of #_—t;, one functional failure happens without
state transition from state 0 to state 1. The operation
cycle is interrupted. Due to the fact that the probabil-
ity that functional failure resulting from both the
internal factors and shocks simultaneously is quite
slim, it is ignored to simplify calculation. The condi-
tion probability of occurrence of Scenario c is given
by

P =P(s(t)=2]s(t_)=0U(Vte(t ], s(t) =)
:j’f F@o (po—(t)ﬁl’(t—t 0)
lin F(ti—l) 5001'71) o

@,(1)

+—=
AURY)

dt—t . 0)} dr.
(5)

(4) Scenario d: at some time between the inter-
val of #,1—t;, one state transition from state 0 to state
1 happens and then one state transition from state 1
to state 2 takes place in order, when the operation
cycle is interrupted. The condition probability of
occurrence of Scenario d is given by

P = P{s(t[) =2|s(t_,)=0
UvVee, ,,t'],s@t)=1)

Uvee(, ], s()=2} ©)
- j A, [" a,drds,
where
A, = [%(i))?’(t’ -, 1)+ 2(5)) o' -1, 1)}

3.3 Mathematical models for the variables in the
optimization model

3.3.1 Expected time at state 0 within a cycle

The expected time at state 0 for traction motor
insulations in a cycle includes the following three
parts:

(1) No state transition happens in a cycle, and
the expected time at state 0 is represented by 7, ;

(2) One state transition from state 0 to state 1
happens while no state transition from state 0 to state
2 happens, and the expected time at state 0 is repre-
sented by T} ;

(3) One state transition from state 0 to state 2
happens while no state transition from state 0 to state
1 happens, and the expected time at state 0 is repre-

sented by 7 .
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Then the expected time at state 0 yields the fol-
lowing expression:

E(T) =T, +T, +T;, (7
where
T()O = TCF(TC )d_)o (Tc )SU(TC s 0):
T =" o OB, 0¥ ¢, 0,

T — _
T = [, tF O 9, (0 (2, 0)+ B (092, 0) Jat,
and after simplification, we can obtain

E(T)) = [ &()F (¥ (1, 0)dr. ®

3.3.2 Expected time at state 1 in a cycle

If the inspection at time #,—; is completed with a
result that insulation is at state 0, we obtain the ex-
pression of the probability of its occurrence

P(S;") = PR F (1)@ (t,,)¥ (i,_,,0)
=F(t_ )t )¥F(t_,,0).

If and only if Scenario b or Scenario d happens
during #,-—t;, there exists time that insulation is at
state 1. The expression of the expected time at state
1 during #,-,—¢; is given by

E@) =P | B -0+ 4] 4w -ar|ar
©

For the whole cycle, the expression of the ex-
pected time at state 1 is given by

E(T1)=ZE(T1,-)~ (10)

3.3.3 Probability of PM and CM in a cycle

PM is called for in the following two situations:

Situation a: insulation is detected to be at state
1 through the periodic inspection.

Situation b: after N inspection intervals, no state
transition happens but insulation is unacceptable.
Then a PM is processed.

Through the above analysis, it can be seen that
the probability that Situation a happens is equal to
the summation of Scenario b happens in each inspec-
tion interval, and then it can be derived as

N
RN (11)
i=1

Then we can obtain the probability that PM is
called for in a cycle as follows:

N
By =D B+ P(SD), (12)
i=1

where P(S;) is the probability of being at state 0 at
time ¢;.

Because a cycle will end when either a PM or a
CM is launched, it is clear that

[)Cle_R’M' (13)

3.3.4 Expected number of inspections in a cycle

When the inspection at time #,; is completed, if
and only if Scenario a or Scenario b happens, the
inspection at time ¢ is called for, whose probability
can be represented by

BN = P(S{)E! + B

So the expected number of inspections within
one cycle is

E(N)=Y P(S: ) (P +BY), m>2.

i=1

(14)

4 Special case

The above section describes the optimal
maintenance model combining TBM with CBM, in
which the shock effect is taken into account. In this
part, we will establish the model of merely integrat-
ing TBM and CBM without the shock effect as a
special case for future comparison of their efficiency
and analyzing the effect of the shock parameter
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variations on optimization solutions. In the following
section, we will put a ~ above the variables to differ-
entiate from the ones used in previous sections. For
example, é,M stands for the probability to carry out
PM within one cycle in the model without consider-
ing the shock effect.

The mathematical model under such circum-
stance is shown as follows.

4.1 State transition probability within one inspec-
tion interval
Scenario a:
lst,» _ ??O(ti) _F(ti) )
’ ¢0 (ti—l ) F(tifl )

Scenario b:

ﬁ:rffm B0 B
") () B

Scenario c:
poofr L0 a0 4,
et F(ti—l) Q)(ti—l)
Scenario d:
P =J':” A, J':"ledt’dt,
where

4SO B0
LR @)

A =(/’1(tl)
Rzl

4.2 Mathematical models for the variables in op-
timization model

The expected time of one cycle is

E(TY=E(T,)) + E(T)),

where

E(fy) = [ (0 F (o,
E(f) = ET),
E(h,) = P [ B o

+ j A, j At - t)dt’dt}.

4.3 Probability of PM, CM, and the expected
number of inspections in one cycle

The probability of PM and CM, and the ex-
pected number of inspections in one cycle are

~ N A
a 1
Bu=28"
i=1

P, =1-P

PM >

m—1 R n R
E(N)=> P(S; )P! +B), m>2.

i=1

5 Numerical investigation and discussion

Our numerical example used the data from a
specific kind of insulation material for traction mo-
tors. A primary assumption is that the times for state
transitions all follow a Weibull distribution. The time
unit is 10000 h. The shape parameters and scale pa-
rameters are (2.198, 96.542) for state 0 to state 1,
(2.653, 41.737) for state 1 to state 2, and (2.207,
89.246) for state 0 to state 2. The failure rates under
extreme shock are 0.0021 and 0.0057 at state 0 and
state 1, respectively.

The basic objective of maintenance optimiza-
tion is to avoid both excessive and insufficient
maintenance and finally reach the best compromise
between maintenance cost and reliability. Using the
above data, we can obtain the mapping relationship
among CPT, Ty, and N as shown in Fig. 3. It can be
observed that:

P L.
S,
i)

LAY

CPT

b |
\\\\\\\\\\‘\

Fig. 3 Mapping relationship among CPT, T\y, and N
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1. The convexity of the surface indicates that
there exists an optimal set of N and Tix.

2. The CPT of the proposed model is much
higher with a small », which results from the poor
availability of traction motor insulations and exces-
sively frequent PM. In this case, excessive mainte-
nance occurs.

3. For very large N, the maintenance strategy
turns into a total CBM model. Furthermore, if Tiy is
large simultaneously, both the life information and
the condition monitoring information are given up.
This maintenance transfers to a pure CM strategy
and is inevitably costly.

4. At the optimal point, operation cost and fail-
ure risk reach the best tradeoff. It can be observed
that from this point, with the increase of 71y and N,
the risk of sudden functional failure increases greatly
because of insufficient maintenance, which will fi-
nally lead to expensive CM.

The optimal solutions for 7y and N are 1.48
and 12, respectively, and the critical age is 17.76. In

this case, the optimization solution f"m and N for

the special case are 1.65 and 14, respectively, and the
critical age is 23.1.

The influence of shock parameters on the
maintenance strategy is another crucial concern. By
varying the values of 4 and Ps;, a group of solutions,
listed in Table 1, is obtained. C% indicates the cost
decrease percent between the CPT of the proposed
model and that of the optimal solution of the special
case. We can observe that:

1. According to the 1st set of data in Table 1, for
small values of shock frequency as well as small
failure rate after shocks, the proposed model is very
close to the special case. However, for high frequen-
cy of shocks as well as high failure rates after shocks,
such as the No. 8 dataset, the pre-defined critical age
is too short to fulfill the availability requirements,
and it is too expensive to operate under such a situa-
tion. It can be concluded that the traction motors are
inadequate for working in this case.

2. Ty is more susceptible to the difference be-
tween Pgy and Ps;. With an increasing difference,
more frequent inspections are demanded. In state 1,
shocks are more inclined to lead to functional failure
and more frequent inspections should be performed
to avoid the operation in state 1.

3. With the increase of the frequency of shocks
and failure rate, the optimal critical age decreases.
More shocks may lead to the increase of the proba-
bility of high-cost CM, and therefore the critical age
should be reduced to lower the probability of CM
provoked by time-related internal factors.

4. Comparing with the optimization solution of
the special case, both Ty and 7¢ are diminished.
That means the system will operate under insuffi-
cient maintenance if the maintenance strategy ob-
tained from the model of the special case is selected.
This may bring about a higher risk of sudden break-
down. With the increase of the shock parameters, the
impact of shocks on maintenance strategies becomes
more remarkable, and the strategy may even eventu-
ally mislead the maintenance actions.

Table 1 Optimization solutions

No. 4 Py Py N Tnw Tc C%
1 0.01 0.0004 0.0007 14 1.60 2240 0.74%
2 0.02 0.0017 00153 16 121 1936  3.84%
3002 0.0021 0.0029 13 158 20.54  4.03%
4 0.02 0.0150 0.0200 12 139 16.68 5.76%
5 0.05 0.0021 0.0057 12 148 17.76  5.38%
6 0.20 0.0004 0.0007 13 157 2041  1.65%
7 020 0.0170 0.0650 9 138 1242 13.70%
8 1.00 0.1000 0.1200 4 131 524 40.70%

6 Conclusions

We developed an optimization model of PM
strategy for traction motor insulations, which com-
bines TBM and CBM as well as taking random
shocks into account.

The primary contribution of this study is to
work out a feasible and practical CBM strategy for
traction motor insulations based on their operating
characteristics. Through periodic inspections, an op-
erating mechanism comprising two failure modes
and three operating states is proposed, which can
make the best use of historic life information and
inspection information. Moreover, it can overcome
the drawbacks of excessive and insufficient mainte-
nance of traditional time-based maintenance schemes.

Another main contribution is to take extreme
shock effect into account in the maintenance model.
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Traction motor insulation is different from normal
deteriorating systems because of suffering random
extreme shock load during operation. In the pro-
posed model, extreme shocks following a Poisson
process are integrated into the maintenance model,
which ultimately increases the accuracy of the
maintenance model.

Numerical investigation validates that by taking
shock effect into account, insulations can operate at
a lower risk of catastrophic breakdown, and the op-
erating cost is reduced considerably.
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