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Abstract: Appropriate modeling of maintenance downtime distribution requires sufficient and good quality

data. However, i the absence of those conditions of data, an altemative method using expert opinion mputs
is usually employed. Literature on the applications of expert opinion in modeling maintenance downtime is

found fairly limited. This study aims to fill in that gap and suggest a practical way of incorporating expert
opinion in the modeling. A case study of an offshore gas compression train system is presented here to
describe the approach used n modeling of preventive maintenance downtime using expert opinion. Using right
set of questionnaires and a fractile technique, downtime distributions are successfully elicited from expert. The

comparison analysis shows that the downtime distribution derived from expert opinion is tighter than the one

estimated solely based on raw plant maintenance data, indicating that the expert opinion approach 1s a good

alternative for estimating the downtime measures of mamtenance tasks.
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INTRODUCTION

The equipment or system downtime in a plant can be
related to two particular events; failures and Preventive
Maintenance (PM). This study focuses on the modeling
of PM downtime distribution. Accurate modeling of PM
downtime  distribution i3 necessary for proper
maintenance planning and estimation of system’s
availability. The modeling of PM downtime distribution
normally uses lhistorical data of equipment downtime. In
many cases, the data are limited and in poor quality thus
make them inappropriate for modeling purpose. An
alternative way is to use expert opinion. Expert is a skillful
person who has extensive traimng and knowledge on the
specific area. Expert opinion can be defined as the expert’s
formal judgment on the matter in which the expert’s
opimion is sought (Ayub, 2001).

The application of expert opinion has been found n
various studies covering a wide spectrum of disciplines
such as nuclear, chemical, aerospace, health and banking
mdustries (Goossens ef al, 2008). In the areas of
maintenance and reliability analysis, this application 1s
gaining attention mainly due to unavailability of sufficient
and good quality maintenance data to be used in the
studies. Coolen et al. (1992) use expert inputs to estumate
the prior distribution of the mean life of heat exchangers.
Nelson et al. (1998) elicits maintenance engineers’
knowledge to predict a “naked” failure rate (failure rate if
no PM actions were being carried out) in light of

corrupted maintenance data. The elicitation results are
used later to estimate the mean time to failure (MTTF) of
shutdown valves. Horkstad et al. (1998) discusses the
elicitation process for acquiring failure rate of an offshore
umbilical where there is no previous lifetime data exists.
The mputs from experts are used in the Fault Tree
Analysis (FTA) to predict the probability of the umbilical
being tensioned. The application of expert judgments in
estimation of delay time distribution for extrusion press
failures is presented by Wang (1997). The delay time is
the time interval between the first time faults is detected
and the time of failure. Kudak and Ercan (2009) study the
maintenance time of a jet engine aircraft ignition system
failure during the wartime with inputs from military
experts.

Tt is noted that the literatures on applications of
expert opinion in the maintenance and reliability field
focus primarily on the estimation of failure rate or lifetime
distribution. Very little attention has been given on the
maintenance downtime estimation. Hence this study aims
to fill in that gap and suggests a practical way of
incorporating expert opinion in the modeling of
maintenance downtime distribution.

ELICITATION OF EXPERT OPINION - AN
OVERVIEW

The detailed on elicitation process can be found in
Ayub (2001) and Coolke (1991). In general, the elicitation
process comsists of three stages (Nelson et al., 1998);
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In the preparation stage, the following main activities
are done; setting the problem description and objectives,
identification of expert(s), formulation of appropriate
questiommaire and calculation method. The right design of
questionnaires 1s critical for the elicitation process to be
successful (Wang, 1997). The question should be set
and asked with simplicity yet able to extract the
required information from the actual knowledge of
expert (Oien, 1998).

The elicitation stage involves elicitation exercises
with the expert. It 1s normally conducted via an interview
and discussion format where the assessor plays critical
role in asking the right questions and minimizing expert’s
bias (Walls and Quigley, 2001). Two types of elicitation
method are commonly employed; direct and indirect
(O1en, 1998). The direct method mvolves a direct estimate
of the expert’s believe on a certain 1ssue. The indirect
method 15  applied when seeking the probabilities
estimate from the probability-illiterate expert. The
interview process should not be too long and it is
recommended to be less than half day , since fatigue will
normally start to develop after two hours of the session
(Cooke and Goossens, 2008).

In the final stage, calculation of inputs from
expert is performed to get the results in the required
format (e.g., failure rate, lifetime, downtime etc.).
Aggregation method is applied when to combine data
from more than one expert to establish a single overall
output.

Eliciting probability distribution from expert has
always been a challenging and uneasy task, particularly
when expert has very little knowledge on statistics and
probability distribution model (Van der Gaag et al., 1999).
Furthermore, the process should be done as short as
possible due to the expert time constramt (Mazzuchi and
Delkker, 1991) where he 1s normally busy and has a tight
schedule.

Most experts find it difficult if not impossible to state
what would be a proper distribution model and its
parameters. Elicitation of mputs in a form of discrete
distribution  (lustogram) mstead of a contiuous
distribution has been found to be effective to overcome
this problem. Experts usually feel this process more
comfortable and easy to comprehend since the concept of
probability of failures is being used instead of probability
density (Mazzuchi and Dekker, 1991). In addition, the
calculation mvolved i the discrete model 15 much sumpler
than the continuous model (Van Noortwyk et al., 1992).
The resulted histogram can later be converted into
probability density function (pdf) easily using a computer.

Another elicitation format which is more effective and
popular than a discrete 1s a quantiles or fractiles format
{(Cooke and Goossens, 2008). In this method, expert 1s
required to propose pre-defined fractiles on the subjective
uncertainty distribution, which are normally set at 5, 50
and 95%. The fractile technique has been widely used for
eliciting prior distribution in Bayesian inference study
(Kadane and Wolfson, 1998). In their modeling of prior
distribution for reliability growth model, Walls and
Quigley (2001) use histogram and fractile techmques to
develop a Cumulative Distribution Function (CDF). Here,
expert is asked to give nput on specified distribution
percentiles which represent the expert belief on the certain
concerns. The percentile distribution is later enhanced by
adding more interval data to form a smooth discrete
(histogram) distribution which 1s later converted mto a
cdf. The corresponding pdf can be later estimated from
the cdf.

Siu and Kelly (1998) argue that elicitation process is
difficult as far as the result is concern since in practice
only rough estimation of expert knowledge 1s required for
applications n decision making. For example, m the
elicitation of prior distribution case, the effect of prior
distribution on the posterior distribution will reduce with
the increasing number of new data, thus there is no point
of specifying prior distibution with high degree of
accuracy.

CASE STUDY — A GAS COMPRESSION TRAIN

System description: The system under studied is a
parallel Gas Compression Train (GCT) (consists of two
tramns; train 1 and 2), part of a gas compression system on
an offshore installation. The GCT main subsystems are
gas turbme (GT) and centrifugal compressor. Other
subsystems include gearbox, starter, lube oil, fuel, anti-
surge valve, turbine control and vibration monitoring
systerm. Figure 1 describes some of main components of
the GCT system. Raw gas from well undergoes various
treatment processes and later 1s compressed to higher
pressure by a centrifugal compressor driven by a gas
turbine before it is transferred to onshore facilities via
pipelines.

sl

1

Gas Turbine

Centrifugal
Compressor

Gear Box

Fig. 1: A gas turbine drives a centrifugal compressor to
compress gas to higher pressure
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Maintenance data: Maintenance record of the system
captures two types of shutdown data; i) unplanned
shutdown (USD) due to failures and 1) planned
shutdown (PSD) due to preventive maintenance (PM)
activities. System shutdown results in downtime.
Downtime is defined as the period which the system is in
the non-operative state either due to failures or
maintenance actions. The downtime data m the
maintenance record include the following elements;
logistics, administration delay and repair time. More
explanation on downtime terminology and elements is
given by Smith (2005).

Regular PM works are carried out by maintenance
team to keep the GCT system in good operating
conditions. The activities include planned PM for every
4000 and 8000 hours operation (4K and 8K) and offline
engine detergent wash (engine wash) on a monthly basis.
During these activities the affected train experiences a
total shutdown. Based on the maimtenance data from 2002
tall 2008, the shutdown durations for each PM 1s acquired.
The data however are limited, mainly due to poorly
recorded data. It is noted that some downtime durations
are not clearly specified m the record particularly for the
case where PM activities are carried out during unplanned
shutdown. Table 1 describes the PM activities and
available maintenance downtime data, a combination of
train 1 and 2 data.

Motivation for eliciting expert opinion: Table 1 clearly
demonstrates a limited number of data for PM events
which make 1t difficult to model PM downtime distribution
accurately. Hence, expert opimion is needed. Besides that,
the inputs from expert will reflect more up-to-date
performances based on the
capabilities, taking into account changes or improvement
made in the maintenance system and team. These changes
include improvement in equipment operation and better
management of spare parts inventory where a majority of
subsystem spares are now available near the site. All of
these actions will result in some reduction in downtime
duration as PM actions are supposed to be carried out in

current maintenance

more effective and efficient manner.

Furthermore, expert opimon can be used as a
prior distribution m Bayesian mference analysis. The
posterior downtime distribution resulted from Bayesian
analysis used as mput in modeling the
availability of the system.

can be

Eliciting maintenance downtime distribution

Elicitation process: Elicitation on PM downtime
distribution was done by interviewing experts who were
the mechanical and maintenance engineers of that

Table 1: Descriptions of PM, actions and downtime data

M Freq. Areas affected

1K Every 4K GT air intake, lube

operation hours oil, firel gas, GT

compressor section

compressor rotor

vibration systerm

Sarme as 4K plus GT

£as COMmpressor 68.5, 78, 94, 104,

Vibration detection 174

fire and gas

detection, pressure and

temperature switches and

transmitters, over speed

protection system

Engine Monthly GT compressor section

Wash i.e., improved GT
compressor discharge
pressure

Downtime (h)

a4, 55.5, 67.5, 72

8K Every 8K

operation hours

3,5,35.4,9 95,
10, 11, 11, 13, 16

particular offshore plant. They had vast experience on the
gas compression system operation, failure data and

maintenance system. The elicitation data derived were
based on the consensus between them.

Before the downtime distribution for each PM action
was elicited, various factors that affect the distribution
had to be identified and considered. Neil and Marquez
(2009) in their modeling of corrective repair time
distribution, refer these conditions as “repair lines” where
each line has the probability of the occurrence and can be
categorized by a repair time distribution. Examples of
types of repair lines include maintenance first line
support, second line support and manufacturer support.
Following a similar approach, in this study we requested
the expert to state various scenarios which will affect the
downtime duration of PM actions. In contrast to Neil and
Marquez (2009) approach which use arbitrary probability
mumbers in the model, this study use expert opinion
inputs to develop the downtime distribution for each
scenario. The question asked during the interview was
rather straight forward “what is the probability of scenario
A to occur presently”. However, in order to make the
expert more comfortable an alternative question was also
asked “in 100 events of the particular PM, how many
times scenario X occurs™. Table 2 presents the result of
thus elicitation process where four different scenarios were
identified.

The next process wmvolves the estination of
probability distribution of each PM type (4K, 8K and
engine wash) for each scenario. Due to expert’s lack of
knowledge on the probability distribution family, an
indirect elicitation approach using a fractile technique
similar to Walls and Quigley (2001 )was employed. Here,
the expert was required to estimate the downtime duration
based on specific confidence level in his belief. Tnstead of
asking question, the statement approach was used where
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Table 2: Expert inputs on various scenarios affecting downtime

distribution
Scenario Description Prob
1 No fault found during PM 0.900
2 Minor fault found during PM (e.g., Valve) 0.050
3 Major fault found during PM (e.g,, Blade) 0.025
4 Delay due to external factors (e.g., logistics) 0.025

Table 3: Results of eliciting downtime distribution by percentiles
Scenario (Downtime < x hours)

PM Percentile 1 2 3 4
4K 5 48 60 144 72
50 72 84 192 108
95 96 108 216 144
SK 5 72 84 144 96
50 96 108 192 132
95 120 132 240 168
Engine wash 5 4 16 124 28
50 6 18 150 42
95 12 24 180 60

the expert was asked to complete the statement. An
example of the statement 1s as follows “there is a 95%
chance that the specific PM action will be completed n x
hours”, where the expert had to estimate that x downtime
hours. The estimation of downtime hours were also
sought for 50 and 5 percentile. The result of this process
is shown in Table 3.

Modeling of downtime distribution: The expert inputs in
Table 3 represent indirectly the cdf for the downtime
distribution. The 50 percentile result represents the
median in which half of the downtime distribution 1s below
that pomt. In this study, we first assume the downtime to
follow a lognormal distribution since thus 1s the most
commonly used distribution for downtime found in the
literature. This assumption, however, 13 subjected to
change 1f the expert believes otherwise. The lognormal cdf
can be expressed as:

F(x;e,s):cp[m’e} ()
S

where & and s are the mean and standard deviation of
downtime’s natural logarithm, () is a standard normal
distribution cdf and x is the estimated downtime hours.
The pdf equation is given by

L 5T 0 2)

X527

Xf(x;0,8) =

The mean and standard deviation (std) of the actual
downtime distribution is given by

3

6+ 1757
mean = ¢*4°

std = f:EP'%S2 \,‘f:s2 -1 ()

For the case of 4K scenario 1, Eq. 1 can be expressed as:

cp[h”j’ 8} —0.05 (5)
cb{]mi_ e} =0.50 (6)
@[mgz’ejzoss (7)

Referring to the normal distribution table, the
corresponding equations are as follows:

{%]: -1.64 (8)
[].n?Q - BJ 0 (9)
[@J =1.64 (1 0)

Solving for# and s based on these three equations
resulted in no single value for each parameter. Thus an
approximation technique using Solver function in Excel
worksheet was employed. The estimated values of &=
4.27 and s = 0.194 were obtained and later being used to
create a smoothed cdf plot as shown in Fig. 2. This
histogram plot was later shown to the experts for further
verification and agreement.

The corresponding pdf plot 18 shown in Fig. 3. The
downtime mean and std were calculated to be 72.9 and
14.2 h, respectively.

RESULTS AND DISCUSSION

Downtime distribution model: The complete analysis
results on each scenario for each PM type are presented
in Table 4 which shows the proposed distribution and the
estimated parameters for each scenario. Lognormal
distribution was accepted to be the best model for all PM
types.

To get a single distribution for every PM type, all
distributions from each scenario need to be combined
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0.9 .Expert inputs _ [
0.8 -

0.7 |:I Smoothed cdf

= 0.69

= 0.54
0.4
0.3
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0'_I'-1.!|_|!|_||!||!|||!|||
40 44 48 52 56 60 64 68 72 76 80 84 88 92 96 100104108

Downtime hours (x)

Fig. 2: A lognormal cdf for 4K scenario 1

0.035+
0.03
0.025+
0.02
0.015+
0.014
0.0054

f(x)

LUt s s s s e e e s o s st B BB R R s sy
40 48 56 64 72 80 88 96 104 112 120 128

Downtime hours (x)
Fig. 3: A corresponding lognormal pdf for 4K scenario 1

taking into consideration the weighting factor of
probability of occurrence. This distribution 15 called a
marginal distnbution and can be calculated using a linear
opinion pooling technique (Clemen and Winkler, 1999):

4
f(D) =Zf(d\ senario =1) * P(senario =1)
i=1

(11)

Where:
(D) = Marginal downtime probability
distribution for a particular PM type
f(d | scenario =I) = The probability distribution for
scenario 1(1=1,2,3,4)
P(scenario =I) = Probability of scenario 1 as given in
Table 2.

The resulted marginal distribution for 4K PM is
illustrated in Fig. 4. The best estimation of lognormal
distribution (Fig. 4) based on that marginal distribution
was determined also by using Solver function in Excel
The summary of the estimated lognormal distribution

0.037

8

(5
0.0254 fig 8- Maginal diatribution

‘ﬂ‘ -@Estimated distribution

0.021 b

® 0.0154 m
“~ !!

0.017

L

2

0.0057 ; q

0
O-QJ‘W
5 30 55 80 105 130 155 205 230 255

Downtime hours (x)

Fig. 4: Marginal distribution and estimated lognormal
distribution for 4K PM

Table 4: Summary of Pdf distributions

Lognormal Downtime
PM Scenario s ] Mean SD
4K 1 4.27 0.194 72.9 14.2
2 4.43 0.169 84.3 14.3
3 5.26 0.072  193.0 13.9
4 4.68 0.194 109.8 21.5
8K 1 4.56 0.149 96.7 14.5
2 4.68 0.133 1087 14.5
3 5.25 0.149 192.7 28.9
4 4.88 0.162 1334 21.7
Engine Wash 1 1.79 0.259 6.2 1.6
2 2.89 0.072 18.0 1.3
3 5.00 0.113 1509 17.1
4 3.73 0.229 42.8 9.9

Table 5: Estimated lognormal distribution parameters and errors

PM A s SSE
4K 4.28 0.204 5.8E-06
8K 4.57 0.157 2.6E-06
Engine Wash 1.80 0.278 1.7E-03
Table 6: Downtime distribution based on plant maintenance data

PM Distribution R 5
1K Lognormal 4.07 0.254
8K Lognormal 4.59 0.395
Engine wash Lognormal 2.15 0.496

parameters and calculated sum of squared errors (SSE) for
all PM types is shown in Table 5.

Plant maintenance data vs. expert opinion: The
conventional method to determine the downtime
distribution is by solely using plant data. The PM
downtime distributions from plant maintenance data in
Table 1 are analyzed using Reliasoft Weibull software and
the estimated parameters are presented in Table 6.

Based on these parameters, the pdf plots of
downtime for each PM type are plotted and then
compared against the one derived from expert opimon
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Fig. 5: Expert opimon vs. plant data for 4K
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Fig. 6: Expert opinion vs. plant data for 8K
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Fig. 7: Expert opimon vs. plant data for Engine Wash

Figure 5-7 show the comparison plot for each PM type.
The summary of downtime  measures , which
includes the downtime mean and downtime length up to
which 90, 50 and 10% of PM tasks carried out will be
completed, is shown in Table 7.

Table 7: Comparison of downtime measures between plant data and
elicited expert opinion

PM Downtime measures Plant data Expert opinion
4K Mean 60.5 73.8
std 15.6 15.2
Downtime g 81.0 93.8
Downtime s 58.6 T2.2
Downtime 42,3 55.6
8K Mean 106.5 97.7
std 43.8 154
Downtime g, 163.0 118.0
Downtime s 98.5 94.5
Downtime 59.4 78.9
Engine wash Mean 9.7 6.3
std 51 1.8
Downtime g 162 8.6
Downtime s, 86 6
Downtime 4.5 4.2

From the results it can be seen that expert opinion
produces tighter downtime distributions for 8K and
Engine wash. At 90% of PM task completion rate, expert
opinion data have much shorter downtime period. In the
case of 4K, the distribution variation 1s comparable;
however, the experts’ prediction on downtime mean is
more pessimistic than the prediction based on plant data.
Based on the latest data on 2009, the PM recorded
downtime of that year for 4 and 8 K PM were 83.5 and 95
h respectively (there was no Engine wash downtime data
recorded ). These data are relatively closer to the
downtime mean predicted by expert which signifies that
the method based on expert opinion is a good alternative
to the conventional approach. Better estimation of
downtime measure 18 important since it can provide useful
information for plant management regarding the
maintenance performance and logistics support 1ssue
(Knezevic, 2009) so that more effective and efficient
maintenance management system can be planned and
implemented.

CONCLUSION

The study has demonstrated how expert input can be
incorporated into the analysis of PM downtime
distribution, in the absence of sufficient and quality data.
The use of fractile techmque and night set of
questionnaires are found to be very effective in eliciting
the required mformation from the expert. Compared with
the downtime distribution estimated solely from raw
plant data, the downtime distribution predicted using
expert opinion approach is found to have tighter
spread, thus indicating that the expert opinion method
13 a good alternative for estimating the downtime
measures of PM tasks.
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