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Abstract  Survival models are being widely applied to the engineering fie
model time-to-event data once censored data is here a common issue, Using':
metric models or not, for the case of heterogeneous data, they may not always
resent a good fit. The present study relays on critical pumps survival datg s
traditional parametric regression might be improved in order to obtain bette
proaches. Considering censored data and using an empiric method to split the
into two subgroups to give the possibility to fit separated models to our ceny
data, we’ve mixture two distinct distributions according a mixture-mode};
proach. We have concluded that it is a good method to fit data which does n
to a usual parametric distribution and achieve reliable parameters. A constan
mulative hazard rate policy was used as well to exemplify optimum inspe
times using the mixture-model, which could be an added value, when compa
with the actual maintenance policies, to check whether changes should be in
duced or not.

Key words: Reliability, Mixture-models, Censored data, Survival models, Inspg
tion Policies. :

1.0 Introduction

The present study was made on behalf of Galp Energia Company, where
material was provided to apply our models as it is an oil and gas company an
now underneath the scope of Reliability Centered Maintenance (RCM). Followin
the tendency of efficiency improvement, Galp has been doing an effort to achi

higher reliability parameters. Our study has tried to meet their goal and contribut
to a reliable and feasible assets analysis. [3] has already covered the subject whic
we'll improve. The load pumps for the FCC reactor work on a two-out-of-thre
scheme as they are critical equipment. 100% reliability for-the system is require
and, for now, it has been achieved, however, a better understanding on the
behavior is enhanced and the present study attends as well to check both reliabilit
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times wd inspection policies. Survival analysis was applied, grouping time-to-
event fata in sets of two equipment once they work two by two- Thus, three
oupsfor possible combinations where made and survival analysis Was applied as
ownin Figure 1. First tested with non-parametric approachés as [4], and then in
ction 2 with Accelerated Failure Time models (as described in [5]), the three
oupswere subject of study to check wheatear the reliability curves Were distinct
r not. As equal pumps, they should have similar behavior, and apparenﬂy they
ave 1ot, however, statistical hypothesis helps us to make a decision. In this paper
e'll discuss if differences between survival curves are significant and if we
hould reject the possibility to use data from the three equipment i 2 global
odel. Mixture-models, in section 3, have revealed to be a good approach on
eterogeneous data, and so, better models can be used for instance, to .apply
spection policies with constant cumulative hazard rate, as discussed in section 4.

Parametric and Non-parametric Approaches

S(t) be the probability that a member from a given population will have a life-
ceeding t. For a sample of size N from the list of observations, Jet the ob-
d times until the failure of the N sample observations be t3 = L2 St S
orresponding to each t; is n;, the number “at risk" just prior to time ¢;, and
pumber of failures at time t;. The Kaplan-Meier estimator is the nonpara-
¢ maximum likelihood estimate of S(¢). It is a product of the form:

n

S(t) = Tee ni_idi- ) .

=0, ue = 0.067 Time
g =1, ?P‘::%ue = 006

=0, palue= 0.887 Time
p=1, praug= 0.468

Figure 1 Models for the three groups of pumps

non-parametric approach, we’ve found that, except for the third group,
and 2, the statistic test indicates that we clearly should.not reject the null
which times could possibly be identical. Log-rank and Peto & Peto
us p-values, for the comparison of the survival curves of the three
‘about 0.193 and 0.197, respectively. However, a pa\raﬂﬁletl‘ic approach
-oup was made and reliability inference is then possible. Figure 2 illus-
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trates the tested parametric approaches with three distributions, g
Weibull and Loglogistic, using equations (2), (3) and (4) for the three
can see from.Table, | that exponential has the best approach according
terion as well as for the three individual pumps already studied in [3].

Exponential R(t) = exp[—(t/D)], 2> 0,

Weibull R() = exp[—(t/D)? ], Ap>0
Loglogistic R() = """1—tzs“, Ap>0
[1‘1'(1 ]

Figure 2 Parametric approaches for the three groups

Table 1 AIC criterion and parameters’ estimators
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Is then arguable to compare the curves. for the three groups with survival times of
all three pumps and that we’]] from now.call global model (Figure 3). Visually

speaking, we see that the groups are in between the confidence interval for the
global model. Furthermore, as parameters does not diffgr as much from each oth-

bl

ferent Cprg might be found for distinet used pairs of distributions. We found rele-
Yant to give consistency to the chosen CP, testing its goodness of fit as we will
0T see, Four mixture models were tested for several distributions (Exponen-
t’al'Weibull, Exponential~Loglogistic, Weibull-Weibuil and WeibuH-LogIogistic)
“Barding equation (3) and according their respective density-functions. The max-
“um Jikelihood estimators of the parameters for the tested mixture-models are
Shown in Table 2 according the optimal CP found for each model. The value for
e Parameter, which is the mixture weight for the distributions (r € (0,1)) was
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estimated according an MSE approach o
squared errors. As two CP candidates were found, ¢, and tg,
to arguably select one of the models model with CP
so using the MSE criterion and a gr
Weibull-Loglogistic- model was chosen traduced by equatio

might be debatable,

Frr(GW) =mfie(tiy) + (1~ ) fy (8 Yy)

where fy(t;3y) and fy(t;1y) are the distributions of the
spective set of parameters 1y and Py.

ptimizing the value for 7 to Minimi,

far (&4, 0) = mfy(t; Ag, px) + (1~ ) fy (t; Ay, py)

Rer (4,0 = [ (nfy (s A, px) + (1~ 1fy s Ay py)) dlu

Simplifying, Ryy(t) = nR(t; Ay, px) + (1 ~ ©)R(E; Ay, py) )

Ryy () = wexp{(—t/1y)Px} + @A =m)/(A+ (t/25)P0)

v

MSE = 231,(S() - Rey (9)°

AIC = 2k — 2In{L(Pxy; t,))

with k the number of parameters and £ the maximum value of the likelihoodi_k

AIC criterion
Which one 1o
hical visualiza
n (6). :

=t,.

mixture mode] v
And so, for our chosen model, we’ll

tion.
Table 2 Estimated parameters for the tested mixture-models
Weibull- Exponential- Weibull- Exponential-
Loglogistic Weibull Weibull Loglogistic
CP=t, CP =ty CP=1t, CP =1t,
Weibull Exponential Weibull Exponential-
logd=7182 | logi=7.595 logd=7182 | logi=7.595.
p =2.106 P =2.106 .
Loglogistic Weibull Weibull Loglogistic
log/ = 8.861 logd=9.198 | logd=9,057 log1 = 9.053
P = 3.5733 p=3.721 P =2.563 P =5.449
# = 0.508 f = 0.651 7= 0.509 # = 0.651
AIC=706.777 | AIC=709.586 | AIC=705.839 AIC=709.996
MSE=0.0007 MSE=0.003 MSE=0.0008 MSE=0.003
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- Reliability curves for the tested models are represented in Figure 4. We can see
that'a good improvement was achieved with this methodology. A iange of values
for variations of chosen CP (t,) were tested and percentage of variation of the
AIC, MSE and R(t) results are shown in Table 3. We can see that there are no rel-
evant variations in AIC, MSE and Reliability values for the presented range. With
the gathered information for the reliability function, we are now in conditions to
use a wide range of tools to cook reliability information to held maintenance man-
agement, :

Table 3 Impact (%) for CP variations

Range AIC MSE R®

- Kaplan-Meier

= Weibull-Loglogistic
~~= Exponential-Weibull
-~ Weibull 2 models
“= Exponential-Logistic

A T oy e ]
.

7

P i

[ et

lowing the work developed in [6] when determining the optimum points of
Pection keeping the cumulative hazard constant, This is particular useful if we
I environments where the hazard ratio is not constant. A constant

S ORIV (13)
=exp(—iAH) .
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thus

t; = R Y{exp(—iaH)}
to I e

As equation (6) has not a closed form in order to easy calculate jtg inver
function, a numeric method was used. In practice, if we fix the cumulative hazag

according the relation obtained in [6] for perfect inspection context Wi
P

have AH = o, where p is the periodic inspection period and E(T) is the mes
time to failure. For our case, we know that the periodic time interval of inspect
defined as being optimal, is P=535. If we bave a E(T)=3571 we’ll ol i
AH=0.15 and it’s now possible to know the intervention periods keeping thy
cumulative hazard. The interventions times are shown in Table 4. Figure § dep
four reliability fanctions derived from the mixture model, and we see that W
the hazard rate is increasing, periods of intervention get smaller, and whep,
decreasing they get larger. We’ll have then a constant intervention perio
schedule when a constant hazard rate is verified. We can see that when comparin,
it with the periodic policy, fewer interventions are made using this methodolog
Further analysis would be interesting to do in a next 'work to compare it as
concerning costs.

Table 4 Periods of g
inspection keeping the
cumulative hazard 3
constant S

Be-04

s

2e04

Qe+0i

e b vt ety
SERARE AR E R
- Constant cumulative hazard

~ Periodic Tlme.

Figure 5 Reliability functions for the survival mixtur
model
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: 5.0 Results

{ ion IS proviled and a pegre, approximation for reg data js
" reliable “infor Tatel models revaled to haye the needed flexibility to approximate
e
chieved, MixX

data and provide good Parametric fits, However, there still is room

eterogeneous <@ cerning an ideal cutting point of cutting points, for time-to-
or innovation (ONCEIL: i € S0 an accurate valye can
maintenance periodicity cap
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