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A B S T R A C T

The work presented in this paper is a master thesis performed at the
division of Optimization and Systems Theory at the Royal Institute
of Technology in Stockholm. The problem is formulated by Systecon
AB, a consultancy firm focusing on life support cost analysis and
optimization.

In the software that Systecon uses for optimization (OPUS10) there
are certain simplistic assumptions. Namely, that preventive mainte-
nance is always fully regulated and in the case where several bases
are requesting spare units for preventive maintenance from the same
depot there is full coordination between bases, thus assuming full
regularity also at the depot. These assumptions work sufficiently at
base level but not necessarily in a support system with multiple lev-
els where spare parts for preventive maintenance is requested from a
central depot.

To investigate the effects of these assumptions a user survey has
been conducted and based on the result a simulation tool has been
constructed in MATLAB. The results suggest that due to the simplis-
tic assumptions made in OPUS10 there is a risk of underestimating
the number of systems demanding spare parts for preventive mainte-
nance, thereby affecting the accuracy of OPUS10.

Furthermore, to investigate the possibility of refining the model
two approaches have been made. Firstly, the built in OPUS10 factor
PMCF has been analyzed on how it may be utilized to compensate for
underestimating demand from preventive maintenance. Secondly, the
Binomial distribution has been suggested and discussed as a poten-
tial replacement for the mathematical modeling of preventive mainte-
nance. A combination of the two distributions has also been included
as a final investigation.

In conclusion, PMCF may be used quite effectively, but setting the
value for PMCF is complicated and no distinct guidelines can , from
the conclusions of this thesis, be presented on how to determine a
value for PMCF. Even though there are possibilities of constructing
such guidelines it is not within the scope of this thesis. The Binomial
distribution turns out to be very accurate in modeling of preventive
maintenance. But it does require knowledge of the variance from pre-
ventive maintenance, something that is not required by the current
models in OPUS10. However, the last approach, assuming Bernoulli
distribution at base level and Binomial distribution at central level
of the support system, gives accurate results while knowledge of the
variance is not required.
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M O D E L L E R I N G AV E N H E T S U T B Y T E N I S A M B A N D
M E D F Ö R E B Y G G A N D E U N D E R H Å L L

A B S T R A K T

Arbetet som presenteras i denna uppsats är ett examensarbete ut-
fört på avdelningen för Optimering och Systemteknik på Kungliga
Tekniska Högskolan i Stockholm. Problemet har formulerats av Syste-
con AB, en konsultfirma med inriktning mot livscykelkostnadsanalys
och optimering.

I programvaran som Systecon använder för optimering (OPUS10)
finns det vissa förenklade antaganden. Modellen för förebyggande
underhåll bygger nämligen på ett antagande om maximal regular-
itet och maximal koordinering av olika åtgärder på olika system.
Vilket fungerar bra på lokal nivå nära de tekniska systemen men
fungerar sämre när efterfrågan av reservdelar från flera lokala platser
aggregeras till ett centralt lager.

För att undersöka effekterna av dessa antaganden har en använ-
darundersökning utförts och baserat på resultatet av denna har en
simulering modellerats i MATLAB. Resultaten tyder på att de fören-
klade antagandena bidrar till risken att underskatta behovet av re-
servdelar från förebyggande underhåll och därmed kan noggrannheten
av OPUS10 påverkas.

Två tillvägagångssätt har använts för att undersöka möjligheten att
förfina modellen. Först och främst har den i OPUS10 inbyggda pa-
rametern PMCF analyserats om huruvida den kan användas för att
kompensera för underskattning av efterfrågan från förebyggande un-
derhåll. Vidare har Binomialfördelningen föreslagits och diskuterats
som en potentiell ersättning för den matematiska modelleringen av
förebyggande underhåll. Avslutningsvis har en analys av kombinatio-
nen mellan den nuvarande fördelningen och Binomialfördelningen
också inkluderats.

Slutledningsvis, faktorn PMCF kan användas och är relativt effek-
tiv, men att bestämma värdet på parametern är svårt och inga precis
riktlinjer för detta kan, via slutsatserna från detta arbete, presenteras
på hur man hur man ska avgöra värdet av PMCF. Binomialfördelnin-
gen visar sig vara väldigt noggrann vid modellering av förebyggande
underhåll. Den kräver dock vetskap om variansen av efterfrågan från
förebyggande underhåll, något som inte krävs av de nuvarande mod-
ellerna i OPUS10. Kombination av Bernoullifördelning på basnivå,
nuvarande modell i OPUS10, och Binomialfördelning på central nivå
ger noggranna resultat och någon vetskap om variansen krävs ej.
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1
I N T R O D U C T I O N

1.1 problem formulation

Maintenance and operation of large technical systems creates demand
for replacement units, mainly contributed from two types of mainte-
nance. Partly from corrective maintenance and partly from preventive
maintenance. Corrective maintenance is characterized by the demand
that arises from random error events, i.e. a unit in the system breaks
down and in order to assure availability it needs to be replaced. Pre-
ventive maintenance on the other hand is planned and coordinated
to a great extent, it is performed in order to prevent random errors
to occur. This means that the stochastic variation in demand for PM
replacement units is considerably less than that of the demand that
comes from random error events.

In the software that Systecon uses for optimization (OPUS10) the
model for demand from preventive maintenance is based on the as-
sumption of perfect regularity and maximum coordination of differ-
ent actions on technical systems performed at different stations in the
support system. In practice this means that the demand from preven-
tive maintenance is assumed to be more or less known at all times
and therefore has very low stochastic variance. This may work well
at a local level close to the technical systems but often worse when
the demand from preventive maintenance from many local places is
aggregated into a central stock. This is due to the fact that when de-
mand from several local bases are aggregated it is assumed that the
variance will still be very low and not dependent on the actual de-
mands that are aggregated.

The project therefore consists of two different sub-tasks. To begin
with, through a number of interviews with various users of OPUS10,
how/if the modeling of different types of preventive maintenance
is done will be mapped. Subsequently, the effects of the simplistic
assumptions of OPUS10 are assessed and then the possibility of a
refined model is investigated. This can be done by better estimating
the variance of an aggregated demand and based on this parameter
customize a suitable stochastic distribution.

1.2 scope and delimitation

This thesis is the final examination of a civil engineering degree at
the Royal Institute of Technology in Stockholm. It corresponds to 30

university credits, meaning full time work during 20 weeks. This, of
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2 introduction

course, puts some limits on what may be included. The most impor-
tant of limitations made are described below.

To asses the simplistic assumptions a simulation in MATLAB is im-
plemented with the purpose of assimilating the scenarios deduced
from interviewing users. A support system is in general relatively
complex and consists of several levels, depots, bases etc. However,
for the purpose of this thesis and based on customer insights it was
deemed sufficient to have a support system with two levels, one cen-
tral depot and a number of bases. This limits certain aspects of the
thesis, for example the investigation of PMCF in section 4.4. To ex-
tend this work further, more variation in the structure of the support
system will enable more robust results.

Furthermore, investigating possible stochastic distributions has been
limited to only include the Binomial distribution. This distribution
was deemed the most appropriate and focus was on investigating it
thoroughly. First of all, further analysis of the Binomial distribution
can be made with more variation in the support system. Then includ-
ing more distributions is a reasonable next step.

1.3 outline of the thesis

Following this introduction is Chapter 2, which consists of mathemat-
ical preliminaries. In this chapter a basic description of the optimiza-
tion of a support system is followed by more technical mathematical
methods used later in the thesis. Basic terminology is explained and
mathematical concepts are put only in brief context.

The following is Chapter 3, which starts with the user survey and
conclusions drawn from it. Then the method of simulating the sup-
port system with corrective and preventive maintenance is described.
Here the mathematical preliminaries are put in this context and in
which way they are used.

Chapter 4 is where the results from simulations etc. are described.
It starts with analyzing the accuracy of the simulations and then the
actual results. After each big section of the chapter there is an analysis,
which serves as a discussion of the results and links different sections
of the simulations to each other, i.e. the reason for chosen paths in the
mathematical analysis are explained.

The last chapters 5 and 6 are the conclusion of the thesis as well as
what some possible future extensions of the thesis might be.



2
B A C K G R O U N D

2.1 literature review

To the knowledge of the author there is no literature discussing dif-
ferent methods of modeling preventive maintenance associated with
spare parts optimization in this setting. There are some literature on
how to optimally plan preventive maintenance, which is a vital part,
but nothing specifically on modeling pipelines from preventive main-
tenance. However, there are many articles describing spare parts op-
timization in general.

Much of the fundamentals of spare parts optimization was origi-
nally presented by Craig C. Sheerbroke in 1967 in his paper MET-
RIC, a multi-echelon technique for recoverable item control [3]. These
methods were later extended by professor Stephen C. Graves in 1985

[7]. At this time Sheerbrooke presented the paper VARI-METRIC, an
improved model for spare parts optimization [6]. These three papers
have been of great importance for the writing of this thesis, and many
of the mathematical preliminaries in the next section are based on
Sheerbrooke’s work.

The literature that Systecon has provided, OPUS10 Alorithms and
methods [2], has, of course, been very helpful. Especially the parts on
modeling of preventive maintenance and the convolution of preven-
tive and corrective maintenance have been used extensively.

For much of the research on probability theory the publications
made by Gunnar Blom on probability theory and statistics [9] [10]
have been very helpful.

2.2 mathematical preliminaries

2.2.1 Supporting the technical system

For the sake of this report a technical system is defined as a system de-
signed to fulfill a certain purpose, for example providing residents of
Stockholm transportation to and from work. The technical system of-
ten consists of several components which together serve the original
purpose. Hence, a hierarchy in the technical system with its compo-
nents describes the structure of the technical system.

Considering the above example of morning commute in Stockholm,
the fact that maintenance will have crucial effect on the system avail-
ability are quite comprehensible. Since components in the technical
system is utilized and by time worn out the risk of failure is always

3



4 background

present. When this occurs the aim is naturally to restore the technical
system to its full capacity as soon as possible.

This is what the support system provides, see Figure 1. When a
component breaks the technical system is no longer operable. At
this point the support system is designed to replace the component
that has failed with a minimized down time of the technical system,
so called corrective maintenance. Often the support system also pro-
vides maintenance prior to failure to minimize the risk of failures oc-
curring in the technical system, this action is called preventive main-
tenance.

Figure 1: The support system as it is built in OPUS10. Technical systems
with faulty units arrive at the bases. If there is a unit in stock the
operation can be restored quickly and the faulty unit is repaired.

The entire system hence consists of two subsystems, the technical
system and the support system. As often when it comes to Systems
Engineering the focus of this thesis is on the support system.

2.2.2 Optimizing the support system

Typically one support system serves more than just a single technical
system. Often there are several identical technical systems deployed
at different bases in the entire station structure. Moreover, support
systems often consist of multiple levels of stock positions and work-
shops. Depots higher in the support system hierarchy have the ability
to serve more technical systems than depots lower in the hierarchy.
These different type of levels in the support system hierarchy is often
referred to as local and central levels.

The purpose of the support system is to serve the technical system,
therefore a reasonable measure of effectiveness is for example the
availability of the technical system. Obviously, the support system ef-
ficiency should be kept as high as possible while still keeping the cost,
the LSC (Life Support Cost), for doing so low. Hence, there will be a
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trade-off between how well the system performs and the correspond-
ing cost of the support system. The trade-off between efficiency and
cost is often reflected in a C/E-curve (Cost/Effectiveness-curve).

In Figure 2 a typical Cost/Effectiveness-curve is shown, in this case
availability versus life support cost is demonstrated.

Figure 2: C/E-cruve of availability and cost. Typical result from Systecon’s
optimization software OPUS10.

One fundamental aspect of optimizing support systems is that there
is not only one optimal solution, there will be several cost-effective
solutions each corresponding to the optimal solution at a particular
cost. Determining which of the solutions that should be applied is de-
pendent on the requirements of the technical system. A cost effective
solution is in this aspect a support system that can not reach a higher
efficiency at a lower cost.

2.2.3 Spare parts optimization

To describe the idea behind spare parts optimization a simple support
system and a simple technical system is chosen for demonstrative
purposes. The support system consists of one base and the technical
system consists of several units of the same type. At the base it is pos-
sible to store extra parts and this stock level is denoted s. Assuming
that time between failures is exponentially distributed faulty units ar-
rive at the base according to a Poisson process with rate λ and it takes
time T before it is ready to be put back in use. This simple system is
shown in Figure 3.



6 background

Figure 3: Support system with one base.

Number of units in the pipeline, that is units in resupply or in re-
pair, is a stochastic variable [1], X with probability distribution given
by equation [2]:

p(n) = p[X = n], (1)

where steady-state is assumed.
One fundamental quantity is the expected number of backorders,

which is the number of systems that are waiting for a unit to be re-
paired. This is denoted NBO(s) and given by:

NBO(s = 0) = E[(X− s)+] =

∞∑
k=s+1

(k− s)p(k). (2)

Since the probability distribution for X will be known the calculation
of NBO(s) may be done recursively. The probability for shortage R(s),
i.e. the probability that there are not enough spare parts to satisfy the
demand, is given by equation 3:

R(s) = P(X > s) =

∞∑
k=s+1

p(k). (3)

Note that R(0) = 1− p(0) and that R(s+ 1) = R(s) − p(s+ 1) which
means that R(s) can be calculated recursively. Furthermore, the ex-
pected number of backorders with no spare parts in the inventory is
given by NBO(s) = E[X] = λT . In conclusion, the following recursive
formula can be obtained:

NBO(s+ 1) = NBO(s) − R(s). (4)

The methodology described above serves as a fundamental descrip-
tion on how spare parts optimization is formulated. As the system
complexity increases the number of decision variables in optimizing
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the support system increases as well. Fundamental variables to deter-
mine are stock level of each repairable unit and where to store them
in the system. To determine these variables a marginal allocation ap-
proach is used to minimize the objective function:

f(s) = cs+ qNBO(s), subject to s ∈ {0, 1, 2, . . . } (5)

where cmay be interpreted as the cost for one spare unit while qmay
be interpreted as the cost for one grounded aircraft [4].

2.2.4 METRIC and the Poisson distribution

The first mathematical solution of spare parts optimization was first
imposed by Sheerbrooke in 1968 [3]. The model developed by Sheer-
brooke is called the METRIC-model, Multi-Echelon Technique for Re-
coverable Item Control, and was developed for the U.S. Air Force.
Several extensions of the earlier models exist today and are used in a
variety of applications.

One of the most fundamental assumptions in the METRIC-model is
that the repair times are independent and identically distributed. This
means that independent of how many units there are in the pipeline
the repair of a single unit will have the same expected time, and the
time any unit spends in repair is a random variable according to some
distribution with expected value T . Units are arriving at the central
level according to a Poisson process with intensity λ from local bases.
According to Palm’s theorem, since the accumulated demand is a
Poisson process with intensity λ and repair times are independent
and identically distributed with mean T , the number of units in the
pipeline will then be Poisson distributed with expected value λT [5].
The Poisson distribution is described in detail below.

It might be worth noting that the time between failures is exponen-
tially distributed, and a process that has this property is called a Pois-
son process which is mentioned above. The exponential distribution
is m̈emoryless.̈ Hence, the time to the most recent failure has no im-
pact on the time to the next failure. For a Poisson process Sheerbrooke
shows that the number of demands in a time period of fixed length is
given by a Poisson distribution [6]. Sheerbrooke mentions that since
random failures are the primary type for which the presented models
are designed the Poisson distribution is used extensively.

The probability density function , p(n), of a Poisson distribution
with mean E[X], given by the product λT as mentioned above, is given
by:

p(n) = (λT)n
e−λT

n!
(6)
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In this thesis the average demand λ is defined per hour and it follows
of course that the time T is defined in hours.

With the probability density function known equation 6 can be ap-
plied to Section 2.2.3.

2.2.5 VARI-METRIC model and the negative binomial distribution

The METRIC-model has several nice properties, it is simple to under-
stand and use, it also provides a way to decompose complex techni-
cal systems into mathematically manageable objects. However, it is
known to underestimate the number of outstanding demands, the
number of items in the pipeline. In the METRIC-model repair times
are assumed to be independent and identically distributed and the
number of units in the pipeline is then Poisson distributed. An im-
provement of this model was proposed in 1985 by Stephen Graves [7].
Instead of approximating the number of units in the pipeline as Pois-
son distributed Graves uses the negative binomial distribution, this
distribution is also called logarithmic compound Poisson.

The true distribution is not known in the general case, but the mean
and variance often are. One benefit of the negative binomial distribu-
tion is that both the mean and variance can be used to fit the resulting
probability distribution. The probability function of a variable X that
is negative binomial distributed, NegBin(r,p), is given by:

p(n) =

(
n+ r− 1

r

)
pn(1− p)r. (7)

The mean and variance of the negative binomial distribution is given
by equation 8 and 9:

E[X] =
pr

1− p
, (8)

V[X] =
pr

(1− p)2
. (9)

From the above equations the relations:

r = E[X]/(VMR− 1), (10)

p = (VMR− 1)/VMR (11)

can be deduced, where VMR = V[X]/E[X] is the variance to mean
ratio. This means that both the mean value E[X] = m and VMR can
be used to determine the probability function for the pipeline.
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As in the METRIC-model the probability function p(n) is calcu-
lated recursively [2], by knowing p(0) = (1− p)r and:

p(n) = p(n− 1)p
r+n− 1

n
. (12)

With the probability function known it can be applied to Section 2.2.3.
This model is called the VARI-METRIC approach. Compared to the

METRIC-model which underestimates the number of backorders in
11.5% of the cases the VARI-METRIC underestimates backorders in
0.9% of the cases [7]. Hence, Graves idea significantly improved the
accuracy of the spare parts optimization models and this is what is
used in Systecon’s optimization software OPUS10 today. Later, Sheer-
brooke applied the VARI-METRIC model to several multi-indenture,
multi-echelon systems and found that the improved VARI-METRIC
only implies a slightly higher computational complexity, as it requires
the variance as well as the mean, but with significant benefits [8].

Both the METRIC-model and VARI-METRIC-model are used to
handle the mathematical modeling of units arriving with a random
failure. It is often based on an average of failures for a given time
period and how often a unit breaks depends on for example utiliza-
tion and wear. Although some information is often known about how
often a unit breaks, the process is random and leaves little room to
plan and schedule repairs. For preventive maintenance this is instead
possible to some extent and how this is modeled is described in the
following section.

2.2.6 Bernoulli distribution and preventive maintenance

In the problem description it is touched upon the fact that the math-
ematical modeling of preventive maintenance in OPUS10 is formu-
lated based on assumptions on perfect regularity and coordination
between different bases. What this means in practice is that on base
level the demand from preventive maintenance can be completely
regulated and the pipeline contribution from preventive maintenance
is more or less completely known. It also means that when demand
from preventive maintenance from several bases is aggregated at a
higher level in the support system full regularity is remaining, the
bases are fully coordinated and the aggregated demand from preven-
tive maintenance is still perfectly scheduled. A typical pipeline, if no
spare parts are considered, from preventive maintenance at the base
level is shown as an illustration of concept in Figure 4.

If the pipeline above is considered it is obvious that the number of
units in repair is always either 0 or 1. This is what is considered a fully
regulated pipeline since it is only varying between two values. The
assumption in OPUS10 is that since preventive maintenance does
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Figure 4: Typical pipeline from preventive maintenance at the base level.

not have the same random component as corrective maintenance it
can be scheduled to achieve pipelines that only varies between two
values, even at a higher level in the support system. The average
pipeline in Figure 4 is 0.12, if 10 similar demands were aggregated
at a higher level in the support system the average flow is instead 1.2
and then with the assumption on perfect coordination between bases
the pipeline at the aggregated level would vary between 1 or 2 only.

With these assumptions made the demand from preventive main-
tenance, the cyclic demand, is modeled in OPUS10 with a Bernoulli
distribution, which is a discrete distribution that only assumes two
integers around the mean. The cyclic demand is modeled with the
following probability [2]:

p(n) =


1− ph , n=k

ph , n=k+1

0 , else.

(13)

The parameters k and ph are determined with the following equa-
tions:

k = bmc, (14)
ph = m− k (15)

where m is the average or mean value. The variance of a Bernoulli
distributed variable X is given by:

V[X] = ph(1− ph) (16)

Hence, the pipeline can either be k or k+ 1 and the probability of the
high value is ph. This gives a mean m = k+ ph.
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2.2.7 Preventive and corrective maintenance in OPUS10

In OPUS10 the demand from corrective maintenance, which from
here on will be referred to as random demand, and the demand from
preventive maintenance, which from here on will be referred to as
cyclic demand, are treated as two separate stochastic variables. In the
general case the total demand is in fact a mix of random and cyclic
demand. The probability function p(n) is calculated as a convolution
of the random demand, pr(n), and the cyclic demand, pc(n). The con-
volution between two independent and discrete stochastic variables
X and Y is given by equation [9]:

p(n) =
∑
i+j=k

pX(i)pY(j). (17)

Since the random demand is only nonzero for two values the convo-
lution in OPUS10 is just a sum of the two terms [2]:

p(n) = (1− ph)pr(n− k) + phpr(n− k− q), (18)

were ph is defined as in the previous section and it is assumed that
pr(n) = 0 when n < 0. According to equation 18 the demand will of
course be purely random, Poisson-distributed, when there is no cyclic
demand (k = 0, ph = 0) and purely cyclic, Bernoulli-distributed,
when there is no random demand.

When the probability function, calculated by the convolution for-
mula, is known the optimization is performed as briefly described
in Section 2.2.3. A typical output from an optimization in OPUS10

is shown in Figure 5, in this case 100 units arrive with intensity
1000/Mh and are scheduled for preventive maintenance every 1000

h, the repair time is 24 hours for both corrective and preventive main-
tenance.

2.2.8 PMCF – Preventive Maintenance Coordination Factor

As stated before, one of the major issues investigated in this thesis
is whether the assumptions on perfect regularity and coordination
between bases when modeling preventive maintenance is reasonable.
As a way to handle the uncertainties of these assumptions there is a
factor called PMCF, Preventive Maintenance Coordination Factor, in
OPUS10. PMCF can be set between 0 to its default value 1, which
means that all regularity is maintained in the demand from preven-
tive maintenance. If PMCF is set to 0 then all regularity is believed
to be lost and instead of modeling preventive maintenance with a
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Figure 5: Typical result of NBO from OPUS10.

Figure 6: Typical result of NBO from OPUS10, PMCF = 0.

Bernoulli distribution it is now modeled using the Poisson distribu-
tion.

If PMCF is set to a value between 0 and 1 then some regularity
is kept and the mathematical modeling of preventive maintenance
is in this case partly Bernoulli and partly Poisson. In short, the ex-
pected value of spare parts required from preventive maintenance is
decreased by decreasing PMCF and the expected value of corrective
maintenance is increased by decreasing PMCF. Hence, demand from



2.2 mathematical preliminaries 13

preventive maintenance is partly modeled as corrective maintenance
to reflect uncertainties and randomness that might occur without the
full regulation of preventive maintenance. The rates of the two contri-
butions are affected as follows:

Failure rate CM = λ

Maintenance rate PM = λPM

=⇒ (19)

Failure rate CM = λ+ λPM(1− PMCF)

Maintenance rate PM = λPMPMCF.
(20)

When PMCF is used the total expected value of the demand is the
same. However, the variance might increase, causing the NBO-curve
to be slightly higher to compensate for the added uncertainty. This is
shown in figure 6 and the effects are clear compared to figure 5.

2.2.9 Binomial distribution

The binomial distribution is later considered as a possible alternative
for modeling preventive maintenance with the Bernoulli distribution.
If a stochastic variable X is binomial distributed with number of trials,
n, and probability of a certain event, p it is written as X ∈ Bin(n,p).
The probability function of the binomial distribution is given by equa-
tion [10]:

p(k) =

(
n

k

)
pk(1− p)n−k for k = 0, 1, . . . ,n (21)

The binomial distribution is a discrete distribution and can be inter-
preted as the probability of k number of outcomes of a specific event
with n trials if the probability for that event is p. It occurs when sam-
ples are drawn with replacement.

Expected value and mean of X ∈ Bin(n,p) is given by equation:

E[X] = np, (22)

V[X] = np(1− p). (23)

Hence, a binomial distribution can easily be fitted to a simulated dis-
tribution if mean and variance are known. However, the relation:

V[X]

E[X]
= 1− p (24)
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implies a restriction. Namely that the variance of the simulated distri-
bution can never be greater than the expected value, since 0 6 p 6 1.

2.2.10 Variance of a simulated distribution

Variance of the pipeline caused by preventive maintenance is of inter-
est mainly because it provides the possibility to fit candidate distri-
butions other than the Bernoulli. There are several ways in which the
variance of a simulated distribution can be calculated. It can be deter-
mined directly from the definition of variance of a stochastic variable
X [10]:

V[X] = E[X2] − E[X]2. (25)

Since X in this case is the number of units in the pipeline, which is
known from the simulation, it is fairly easy to compute the average
of both the pipeline E[X] and the pipeline squared E[X2].

Another alternative is to calculate the variance according to equa-
tion 26 [10]:

V[X] =
∑
k

(k−m)2pX(k) (26)

where m is given by the expected value m = E[X]. This method is
also straight forward to use since the probability function PX(k) is
also known from the simulation.

When estimating the variance of the simulated pipeline both of
these methods have been used and compared as a check of accuracy.

2.2.11 Earth mover’s distance

The Earth mover’s distance, also known as the Wasserstein metric, is
a distance measure defined between two probability function. Each
distribution is considered as a pile of dirt on a given metric space.
The EMD (Earth mover’s distance) is the minimum amount of work
it takes to transition one pile into the other, i.e. amount of dirt times
distance it has to be moved. Hence, this is why it is referred to as the
Earth mover’s distance [11].

Each discrete probability mass function can be considered as a se-
ries of bins together forming a hill. The cost of moving d values from
bin i to bin j is defined as in equation 27:

Work(i, j) = d | i− j | . (27)
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Computing the Earth mover’s distance is then done by finding the
minimum amount of work needed to transform one distribution into
the other. For given distribution X = {x1, . . . , xn} and Y = {y1, . . . ,yn}
the entire problem is given by [11]:

minimize
n∑
i=1

n∑
j=1

dijcij

subject to
n∑
j=1

dij = xi for all i

n∑
i=1

dij = yj for all j

dij > 0 for all i and j

where cij is the cost | i − j | of moving from bin i to j and dij is
the amount of data moved from bin i to j. This is a transportation
problem and can be solved by linear programming. However, for 1D
histograms as in the case of this thesis the problem has a rather simple
solution.

By computing the cumulative distribution functions for X and Y

(CDX(i) =
∑i
j=1 xi) the Earth mover’s distance between X and Y is

given by equation [12]:

EMD(X, Y) =
n∑
i=1

| CDX(i) −CDY(i) | . (28)

The Earth mover’s distance provides a simple and intuitive method
of comparing how well two distributions assimilate each other. It can
therefore be used to determine how well the methods of OPUS10 for
computing demand from preventive maintenance works compared to
simulations as well as comparing alternative methods.





3
M E T H O D

3.1 methods of modeling pm in opus10

In order to better understand common ways of modeling preventive
maintenance and difficulties that may occur in the process a user sur-
vey has been conducted. Interviews with companies including SAAB,
BAE Systems and Systecon North America as well as Systecons own
experience is described below.

3.1.1 PM modeling in the railway industry

Fredrik Bjarnegård is a consultant working at Systecon and has re-
cently performed modeling of preventive maintenance for a large
company within the railway industry. Typically, when it comes to the
type of maintenance performed on trains compared to, for example,
airplanes it is dominated by preventive maintenance. This is mainly
because trains are not exposed to the same kind of random failures as
an airplane or combat vehicle, and they are operated in a controlled
and known environment.

In this particular case PM is characterized mainly by operation
length. That is, a train is put out of service for preventive mainte-
nance when a certain number of kilometers is reached. A number
of different operation length intervals are specified ranging from 1

Mkm up to 3.6 Mkm. Hence, maintenance is performed, for example,
every 1 Mkm on certain components. There is also a preventive main-
tenance that occurs every 5 years irregardless of the current number
of kilometers reached for a specific train.

The preventive maintenance is of course modeled for an entire fleet
of trains, that are all at different points in their life cycle. This means
that for the preventive maintenance related to 1 Mkm not all trains
will be put out of service at the same time, it will be somewhat spread
out over time depending on the trains respective life cycle. One of
the difficult aspects of modeling preventive maintenance was in this
case that even though not all trains requires maintenance at the same
time, some of them do. The number of trains requesting preventive
maintenance seen over time will vary greatly from 0 to in this case 6.

Implementing this in OPUS10 requires a fixed average number of
trains requesting PM, and it is assumed that this average is main-
tained throughout the life cycle. In Fredriks case the average was 3.3
trains per month for preventive maintenance related to 1 Mkm. The
assumption in OPUS10 is that the request for PM of 1 Mkm is either

17
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3 or 4 at steady state. In the case above, specific planning for main-
tenance at 1 Mkm made it possible to decrease the highest number
of PM requests from 6 to 4 and thus making it more suited for the
OPUS10 assumption.

3.1.2 PM modeling of aircraft at SAAB

Dick Ryman and Kent Johansson work with lifecycle logistics at SAAB
and both have extensive experience from modeling preventive mainte-
nance in OPUS10. In their models, corrective and preventive mainte-
nance are always included in the same OPUS10 case for optimization.
Preventive maintenance is scheduled either by run time or calender
time and is more or less equally distributed between these two alter-
natives. However, some sort of averaging is often required before the
practical situation is implemented in OPUS10 to fit the assumption
of steady-state.

It is common that each spare part has a preventive maintenance
plan based on specific data when the item is first produced or pur-
chased. However, there is often close contact with planning and main-
tenance personnel with inputs and directions regarding PM and the
practical maintenance of an item may not reflect the plan established
at the beginning of the life cycle. Simply because it is not necessary
or preventive maintenance of several different parts are combined to
increase efficiency.

Often more abstract methods of scheduling the preventive main-
tenance is applied in practice. For example, the scheduling of main-
tenance for an aircraft engine is based neither on run time nor cal-
ender time, at least not directly. The engine of an aircraft is studied
and monitored closely during operations. Based on values generated
by the engine during operation the need for maintenance is deter-
mined. This maintenance is preventive but not easily implemented in
OPUS10 and of course needs to be adapted before implementation.

Regarding the correlation between corrective and preventive main-
tenance Dick and Kent mention that it is very common that, if an air-
craft is grounded for corrective maintenance, and any type of preven-
tive maintenance is scheduled in the near future that maintenance is
preformed as well. This is of course reasonable and increases the avail-
ability of the aircraft although the OPUS10 implementation loses ac-
curacy. Generally, they do not model this type of combined mainte-
nance in OPUS10 but if there was a simple way of doing so it would
be of great use, Dick mentions.

Both Dick and Kent are aware of the PM correlation factor (PMCF)
but do not have deep insight in its purpose or exactly how it is sup-
posed to be interpreted. It has been used in exceptional cases.
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3.1.3 PM modeling at BAE Systems

Lars Sjödin is the head of R&M at BAE Systems Hägglunds and has
several years of experience with modeling of preventive maintenance
and implementation in OPUS10. The standard procedure when mod-
eling preventive maintenance at BAE, much like for SAAB, is that
based on recommendations when an item is produced or purchased a
maintenance plan is established. Depending on the item’s specific uti-
lization, a plan for maintenance is then expressed in either run time or
calender time and applied in OPUS10. Lars mentions that there are
always uncertainties when doing the translation from a maintenance
plan to a steady-state average.

When modeling PM for military equipment, as with BAE Systems,
the maintenance can be based on rather uncertain factors such as
shots fired, starts and landings or distance traveled. Expressing pre-
ventive maintenance in a time frame is in these cases based on estima-
tion from their customers, e.g. how many shots are fired in a month
on average.

Lars expresses one major issue when modeling preventive mainte-
nance for items such as band wheels or belt-plates which there are a
great amount of in a single vehicle. The averaging of demand from
PM does not work well in these cases, since often there will be a
high number of these items requesting maintenance at the same time.
Therefore, at most times the capacity for preventive maintenance will
be to high, but when it is needed the most it will not be sufficient. An-
other example where this phenomenon occurs is when modeling the
preventive maintenance for batteries, there can be several batteries in
one vehicle and these may be in different points in their respective life
cycle. However, with a big fleet the accumulated number of batteries
is large and heavy peaks in the demand from PM will still occur, Lars
adds.

In relation to the above mentioned issue Lars says that OPUS10

is efficient in finding the optimal setup of spare parts, but not when
they are needed. Generally it is often costly to purchase all spare
parts that are requested from PM at the beginning when a system is
first established, since there is often a time gap from establishment
to the initial occurrence of preventive maintenance. At BAE Systems
this is usually solved using SIMLOX, Systecon’s simulation tool, by
simulating the system life cycle and from that determine when spare
parts for PM is first needed.

Lars Sjödin says that corrective and preventive maintenance are al-
most always included in the same OPUS10 model scenario. Perhaps
on occasion PM might be modeled by itself. They do however not
usually make use of the PM correlation factor when modeling correc-
tive and preventive maintenance together. Although they do have a
basic understanding of its purpose.
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3.1.4 PM modeling at Systecon North America

Justin Woulfe is Executive Vice President, Technical Services at Sys-
tecon North America and has extensive knowledge and experience
from modeling preventive maintenance. In Justin’s experience the ma-
jor concern users have when implementing preventive maintenance
in the OPUS10 model is the fact that, as other users have expressed,
it is problematic to provide OPUS10 an average value for preventive
maintenance when the actual demand from PM is not necessarily
close to this value.

Justin says that the intervals of preventive maintenance for a spe-
cific replaceable unit are described by engineers. Common intervals
can be defined by operating range, miles, types of mission or g-profile
on a jet.

Preventive maintenance can also be indicated by so called prognos-
tic health management. A sensor indicates when the useful life has
come to an end, or when it is in need of maintenance. This is almost
completely random and modeling this as preventive maintenance re-
quires historical data and estimations. Great sources of uncertainty
might be introduced when doing so and Justin raises the question if
this type of PM is not better modeled as corrective maintenance.

The biggest source of uncertainty is in Justin’s experience how long
the actual operation time is until preventive maintenance is truly
needed. Meaning that, the estimations regarding operating range af-
ter a certain amount of operation time are often very rough and this
may cause error.

It is common that, much like at SAAB, preventive maintenance may
be performed prematurely if the unit is already down for corrective
maintenance. This is done to save time and resources and intuitively
it seems promising, but the question is if it is optimal to make these
sort of adjustments to the original plan for preventive maintenance.
Justin mentions that in some cases this might not be true.

To Justin’s knowledge corrective and preventive maintenance is al-
ways modeled in the same OPUS10 case and he has no experience
from using the PMCF factor.
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3.2 ideas and conclusions from user survey

The interviews conducted are all pointing to similar issues when mod-
eling preventive maintenance. One of the major problems is that even
though preventive maintenance is done prior to failure and according
to a maintenance plan it is difficult to determine exactly when a unit
is in need of PM, this is often true when more abstract measures are
defining when preventive maintenance should be performed. For the
same reason it might be problematic to estimate the average pipeline.
Modeling in OPUS10 means assuming that preventive maintenance
is perfectly regular, in reality this is not true and some way of testing
the impact of this should be included in the simulations.

Another aspect that is worth investigating is the use of the preven-
tive maintenance coordination factor. From the user surveys it seems
as if most users do not have full comprehension of what PMCF ac-
tually provides and how it may be used. Comparing uncertainties in
preventive maintenance with using PMCF will give a good idea of its
impact and also a guidance on how it may be utilized.

Often preventive maintenance is done in batches, this means that a
number of units are demanding preventive maintenance at the same
time and no or few units are requesting maintenance in between.
Hence, there will be peaks in demand from PM. The reason for this
can be that several units are changed together and thus have the exact
same lifecycle or that there is a conscious decision to batch preventive
maintenance in order to increase maintenance efficiency. It should be
possible to create pipelines from preventive maintenance that have
significant peaks to reflect batching of PM.

Moreover, it seems common that preventive maintenance is per-
formed in advance if the unit is in the shop for corrective mainte-
nance, this is done to save time and personnel. Often this is done if a
unit is close to its planned preventive maintenance. The effects of the
uncertainty this may cause is also worth assessing.

All of the scenarios mentioned above are included in the simulation
scenario constructed in Matlab. A detailed description of the simula-
tions are described in the following chapter.
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3.3 simulation

One of the major issues users experience when modeling preventive
maintenance is the difficulty in providing OPUS10 with an average
value when this is not reflecting the true situation. Some users point
out that it is common that stock corresponding to preventive mainte-
nance is often too high between the peaks of PM and when the peak
is reached it is instead not sufficient. In order to investigate the effects
of the assumptions on perfect regularity in the OPUS10 model and
the Bernoulli distribution in particular a test simulation scenario has
been constructed in Matlab and evaluated.

3.3.1 Simulation properties

The assumption on perfect coordination of different measures per-
formed on different systems, in other words how well bases are com-
municating regarding preventive maintenance performed at a higher
level, requires a multi-echelon test scenario.

A two-echelon model with one central depot and several bases is
the chosen scenario. Where parameters such as, failure rate, repair
time, transportation times, cycle of preventive maintenance and so on
can be chosen freely. The situation at the central depot can be studied,
and also by varying some parameters the situation at a single base can
be simulated.

The main property of interest is the pipeline at the central level. If
this is accurately simulated a probability mass function for the num-
ber of LRU:s in the pipeline can be constructed and compared with
the one that OPUS10 generates for the same scenario but with the
Bernoulli distribution. Hence, when systems break for the first time
and other detailed information is not of interest. Therefore a Monte
Carlo approach, with lots of replications, has not been considered.
The probability mass function for number of units in the pipeline can
be accurately estimated by simulating during a longer time period,
i.e. there is no difference in repeating the simulation compared to in-
creasing the simulation length assuming that data from steady-state
is used.

As described above the true interest lies in how often and when
faulty systems arrive at the bases and the characteristics of the aggre-
gated flow at the central depot. Therefore, no inventory at the bases or
at the central depot is necessary to include in the simulation scenario.
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Properties that may be varied between simulations are listed below:

1. Number of bases.

2. Number of technical systems at base level, not necessarily the
same at each base.

3. Rates of random failures.

4. Transportation times to and from central depot.

5. Repair times, for both corrective and preventive maintenance
separately.

6. Intervals of preventive maintenance, not necessarily the same at
each base.

7. Pre-life, i.e. time to first preventive action may be set for each
technical system.

8. Possibility of performing preventive maintenance in advance.

9. Time at which steady-state is reached.

The effect of varying every single one of these properties has not
been included in the results. However, the effects of varying the prop-
erties 7-9 that have significant impact are described in Section 4.2.

3.3.2 Simulating corrective maintenance

Simulation of the corrective maintenance is rather straight forward.
For every system at each base an average failure rate is defined. With
this mean value the time to next failure is drawn from an exponen-
tial distribution. The system will then be taken out of service for a
specified turn around time. During this time no more failures can
be caused by this particular system. All systems are either utilized
or down for maintenance, there are no mission or mission times de-
fined. This type of scenario thus has utilization factor 1. Compared
to OPUS10 the number of backorders will be slightly lower, since in
OPUS10 a system with full utilization still generates failures regard-
less if the system is down for maintenance.

By tracking the number of systems in the pipeline a true probability
density function of the simulation can be calculated as below:

PR(X = k) =

∑Tsim
k=Tsteady

T(X = k)

Tsim
(29)

where Tsim is the simulation period, Tsteady is the time when steady
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state is reached and T(X = k) are all time intervals where the num-
ber of systems in the pipeline is equal to k. Note that corrective and
preventive maintenance are simulated simultaneously and are depen-
dent on each other, therefore both corrective and preventive mainte-
nance are simulated before equation 29 is used. The number of sys-
tems in the pipeline related to corrective maintenance can be sepa-
rated and thus creating a probability density function PR(X) solely
for random failures.

3.3.3 Simulating preventive maintenance

In the simulation scenario all preventive maintenance is specified by
operating time. The system is down for maintenance after a certain
number of operational hours is reached. When the system is actually
down for preventive maintenance is determined by both the preven-
tive maintenance cycle and the failure rate of the random failures of
the system since this affects the operational time.

To accurately reflect some of the real life situations that may occur
individual systems can be set to a certain point in their life-cycle, i.e.
time to occurrence of first preventive maintenance may be arbitrarily
set between systems. Moreover, it is possible to model the possibility
that preventive maintenance is preformed in advance. If this option is
utilized, the preventive maintenance will occur uniformly distributed
from 80% to 100% of the full preventive cycle.

Even though a number of measures have been taken to affect the
regularity of the preventive maintenance it still takes some time be-
fore the number of units in the pipeline reaches steady-state. The com-
pletely random corrective maintenance together with the fact that pre-
ventive maintenance is based on operational time will cause the peaks
in the pipeline to be more and more spread out as time progresses.
The time it takes for the simulation to reach steady-state depends on
the choice of parameters. To create the probability mass function of
number of units in the pipeline only data taken from steady-state is
used.

Just as for the corrective maintenance, the pipeline corresponding
to preventive maintenance can be separated and a probability mass
function can be created for the cyclic demand, PC(X), according to
equation 29. Of course, the total pipeline at the central depot is also
considered and a probability mass function, P(X), is created as well.
The separation in corrective and preventive maintenance is to follow
the same methodology as OPUS10 and this also allows for more
comparisons with Systecon’s own simulation tool SIMLOX.
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3.3.4 Comparison with OPUS10

Of course there is a possibility to compare the simulation results with
OPUS10 directly. However, there are some reasons why this might
not be perfectly accurate. The simulations are designed to reflect the
real life situations deduced from the user survey. Some properties of
the simulation can not be reconstructed in OPUS10. For example, the
alternative to perform preventive maintenance randomly within 80-
100% of the PM-interval is not possible in OPUS10 and this will affect
the pipeline. Therefore it is more desirable to calculate demand from
preventive maintenance in Matlab with the exact same assumptions
as in OPUS10 and compare this with the simulated results.

In Section 2.2.7 the convolution of the demand from random and
cyclic failures is described. The demand from preventive maintenance
is modeled as a Bernoulli distribution in OPUS10, in the simulation
performed this is not necessarily the case. Hence, there is a proba-
bility for a difference when calculating the number of backorders in
OPUS10 compared to backorders in the simulated scenario. In or-
der to investigate this difference the number of backorders from the
simulation has been compared to the number of backorders OPUS10

would provide, using the same mathematical assumptions but with
data from the simulation. It is described more in detail below.

From the simulation the probability density functions PR(X), PC(X)
and P(X) are calculated. The expected number of backorders accord-
ing to the simulation is simply calculated, since there is no inventory,
as below [2]:

NBOsim(s) =

∞∑
k=s

(k− s)P(X = k) (30)

Even though the simulation does not include any spare parts or in-
ventory the EBO corresponding to s number of spares can still be
calculated since the function P(X = k) is known. Then an efficient
curve can be constructed.

The function PR(X) is the simulated probability mass function cal-
culated with randomly drawn values from the exact same function
as in the model used in OPUS10. This means that, if the simulation
period is long enough, PR(X) can be assumed to be identical to the
probability mass function obtained in OPUS10.

However, this is not the case for PC(X) and the corresponding prob-
ability mass function in OPUS10 which is a Bernoulli distribution.
This distribution is based on the average number of systems in the
pipeline, which can be estimated by knowing the repair time and the
periodic intensity for preventive maintenance, compare with estimat-
ing the expected number of backorders for random failures in Section
2.2.3.
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If the average number of units in the pipeline is known the Bernoulli
distribution assumed in OPUS10 can easily be constructed, i.e. the
probability mass function for the cyclic demand of the OPUS10 as-
sumption, PC(X), is known. Hence, the probability mass function of
number of units in the pipeline for both corrective and preventive
maintenance used in OPUS10 are known and the aggregated number
of units in the pipeline can be calculated by the convolution described
in Section 2.2.7. In this way the expected number of backorders ob-
tained with the assumptions made in OPUS10 may be calculated
with equation 30.

In conclusion, a simulated probability function of the pipeline as
well as a probability function constructed with assumptions made in
OPUS10 are calculated and may be compared. In this way, the effects
of the rather simplified assumptions in OPUS10 become clear.

3.3.5 Comparison with use of PMCF

The factor PMCF described in Section 2.2.8 is a possible way to handle
the uncertainties in the assumptions. It is interesting to see the effects
of using PMCF and compare the results to the simulations.

As described above a direct comparison with OPUS10 is not per-
fect. Hence, setting the factor PMCF in OPUS10 and optimizing does
not reflect truly the same situation as in the simulations performed in
Matlab. Much like in the previous section results from the simulation
are used to reflect the same situation as if PMCF would be used in
OPUS10.

Basically, as can be recalled from Section 2.2.8, using PMCF means
that by moving a part of the demand from preventive maintenance to
the demand of corrective maintenance which creates bigger variance
in the pipeline and reflects uncertainties in preventive maintenance. It
is fairly easy to do this manually and create a simulation as if PMCF
was used. By increasing the interval of preventive maintenance and
increasing intensity of random failures accordingly the same effect, in
fact exactly what PMCF does, can be simulated. By doing so, various
scenarios and different values of PMCF can be studied and PMCF’s
ability to accurately reflect uncertainties investigated.

One issue with using PMCF in OPUS10 today is the fact that it
is hard to know exactly how to set the value of PMCF just by look-
ing at the support system or the pipeline. Some uncertainty is often
known but it is understandably hard to from this draw a conclusion
on how much of the cyclic demand that should be modeled as ran-
dom demand. This can, and maybe should, not be expected to be
done accurately by users. What might aid is looking at the variance of
the pipeline corresponding to preventive maintenance. Recommenda-
tions on how to use PMCF depending on the variance of the pipeline
may be useful to many users. Because of this, and other reasons, the
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variance in both local and central pipelines are calculated, this is de-
scribed in Section 3.3.7 below.

3.3.6 One central depot and ten bases

In order to compare the effects of varying inputs and comparing with
OPUS10 and SIMLOX a certain station structure has been used as ref-
erence. As Figure 7 illustrates the support system consists of ten local
bases near the technical systems which are deployed. All demands,
from both corrective and preventive maintenance, are aggregated to
a central depot. When requesting spare parts for preventive mainte-
nance the coordination between bases are non existent, that is, bases
are requesting preventive maintenance according to their individual
demand with no concern of the overall pipeline. In this way the ef-
fects of aggregating demand from preventive maintenance with zero
coordination can be effectively studied.

Figure 7: Simulation scenario, support system with ten bases and one cen-
tral depot.

The number of technical systems at the bases can be defined arbi-
trarily. However, in the reference case there are ten technical systems
at each base, which means that there is a total of 100 units in the
support system. By operating ten technical systems at each base the
pipeline from preventive maintenance becomes manageable, regular-
ity is preserved at the local level. The question is if this is true at the
central level.

All technical systems operating at a single base are in different
points in their life cycle, the risk of peaks in the pipeline due to tech-
nical systems requesting preventive maintenance at the same time is
therefore low. Between bases, on the other hand, there might be tech-
nical systems with similar life cycle. Since there is no coordination
between bases the risk of peaks at the central level is present.

Some randomness has also been introduced to preventive mainte-
nance in the way described in Section 3.3.1. Preventive maintenance
occurs uniformly within 80-100% of the PM-interval.
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3.3.7 Estimation of variance at local and central level

Assuming the Bernoulli distribution at both local and central level for
the pipeline corresponding to preventive maintenance means treat-
ing the variance in a sense somewhat non-intuitive. By aggregating
demand from several local bases means of course that the mean of
the Bernoulli distribution is increasing. However, the variance is not
affected in the same cumulative way. Recall from equation 16 that the
maximum variance of a Bernoulli distribution is 0.25. Hence, no mat-
ter from how many bases demand is aggregated the variance will still
be very low.

The assumption made in OPUS10 is justified by the fact that pre-
ventive maintenance is scheduled and should be perfectly regulated.
This means that it does not matter if demand for preventive mainte-
nance comes from several bases, good planning still makes it possible
to reach almost no variance in the pipeline at a significantly higher
mean. Mathematically such a schedule for preventive maintenance is
certainly possible, but as it turns out from the user survey there is
far more randomness to preventive maintenance then can possibly be
modeled by such a simple assumption.

Therefore, it is interesting to look at the situation when several
Bernoulli distributed pipelines are aggregated into one. Particularly
interesting is comparing variance at local and central levels when
there is no coordination between bases.

3.3.8 Comparison with binomial distribution

As it turns, see Section 4.3.2, out there is a discrepancy between the
variance in the simulations and what is achieved with OPUS10. This
can partly be reflected with PMCF by modeling a large part of the de-
mand from preventive maintenance as corrective maintenance. Hence
instead of a Bernoulli a Poisson distribution is used. The question is,
if in most cases all of the preventive maintenance is better modeled
with another distribution than default, then perhaps a different dis-
tribution all together might be the answer.

A possible candidate to replace the Bernoulli is the binomial distri-
bution. By using the same methodology as described in Section 3.3.4
where preventive maintenance is modeled with the Bernoulli distribu-
tion but instead using the binomial distribution for preventive main-
tenance. This means that a probability function of the pipeline from
preventive maintenance can be simulated reflecting a real life scenario
and calculated with both the Bernoulli and the binomial distribution.
Hence, the Bernoulli and the binomial distribution can be compared
in various scenarios and which of the two that most accurately reflects
the real life scenario will be clear.
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The binomial distribution is described in Section 2.2.9. Both a mean
and variance is required to create a probability function and that is
another reason to estimate the variance of the pipeline at the central
depot. Compared to the Bernoulli distribution, which only requires
a mean value, the fact that using the binomial distribution requires
both mean and variance might be a drawback as it requires some sort
of simulation or estimation of the pipeline.





4
R E S U LT S A N D A N A LY S I S

4.1 accuracy of simulation in matlab

In order to assure that simulations and calculations made in Matlab
are correct continuous comparisons have been made with Systecon’s
software, OPUS10 and SIMLOX. Keep in mind that some features
included in the simulations conducted in Matlab are not possible to
model in a decent way in neither OPUS10 nor SIMLOX. For sake of
relevant comparison, features that cannot be included in Systecon’s
software have not been used to check the accuracy of the simulations.

The simulation scenario used for comparing with OPUS10 and
SIMLOX, is the same station structure as described in Section 3.3.6
but without prelife, randomness included in preventive maintenance.
No consideration to when steady-state occurs is necessary. Details of
the test scenario is found in table 1.

Table 1: Scenario properties.

Failure rate
Preventive

cycle
Repair
time

Prelife
PM ran-
domness

10 000/Mh
1000 h 24 h No No

4.1.1 Comparison with OPUS10

In Section 3.3.4 it is described in detail how the simulations are com-
pared with Systecon’s optimization software OPUS10. Basically, the
Bernoulli distribution is assumed for preventive maintenance and the
probability function for demand from corrective and preventive main-
tenance from simulation in Matlab are convoluted.

Running the test case in OPUS10 gives the efficient curve shown
in Figure 8. The exact same scenario simulated in Matlab gives the
efficient curve in Figure 9.

There are some differences between these two results, in table 2 the
expected number of backorders at each stock point is compared in
detail between the two results.

It is clear that the expected number of backorders is less at almost
every stock point if calculated with the simulation in Matlab. There
is a simple reason for this. The technical system consists of 100 units

31



32 results and analysis

Figure 8: Number of backorders of comparison case from OPUS10.

Figure 9: Number of backorders of comparison case from simulation in Mat-
lab, the corresponding curve from OPUS10 is included.

of the same type that are utilized fully. In the simulations this means
that a unit may generate a random error until it is in fact down for
repair. Once down that particular unit will no longer contribute to
random failures until it is put back in service. In OPUS10 the data
provided is assumed to be true at steady-state, with utilization at
100% this means that units will always contribute to random failures
even if it is not in service.
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Table 2: Transportation time and cost for the different maintenance concepts

Stock NBOOPUS10 NBOMatlab
Absolute
difference

0 4.8000 4.4627 0.3373

1 3.8000 3.4642 0.3358

2 2.8000 2.4656 0.3344

3 1.8500 1.5457 0.3043

4 1.0800 0.8400 0.2400

5 0.5400 0.3904 0.1496

6 0.2400 0.1500 0.0900

7 0.0900 0.0469 0.0431

4.1.2 Comparison with SIMLOX

Since SIMLOX and the simulations in Matlab does essentially the
same thing results can be compared directly. When random failures
and preventive maintenance occur are shown in Figure 10, simulated
in SIMLOX.

Figure 10: System events of comparison case from SIMLOX.

In Figure 11 both events from random failures and preventive main-
tenance are shown. In figure 12 the accumulated demand from both
corrective and preventive maintenance is shown, this figure can be
directly compared to the result from SIMLOX.

With SIMLOX it is also possible to compare total number of back-
orders, number of backorders due to corrective and preventive main-
tenance respectively and system availability. This is shown in Table 3.
It is worth noting that these are simulations and changing, for exam-
ple, the random seed in SIMLOX will yield a slightly different result.
This is the case for random failures at least. The number of preven-
tive maintenance events that occur are mostly dependent on the time
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Figure 11: System events of comparison case from simulation in Matlab, fail-
ures and PM separately.

frame, in this case two years, and this result matches perfectly be-
tween SIMLOX and Matlab.

Figure 12: System events of comparison case from simulation in Matlab, to-
tal pipeline from both failures and PM.

Table 3: Transportation time and cost for the different maintenance concepts

Property SIMLOX Matlab

Total NBO 3256 3260

NBO CM 1656 1660

NBO PM 1600 1600

Availability 95.54% 95.53%

4.1.3 Analysis of simulation accuracy

Comparing the simulations in Matlab with Systecon’s software is not
perfect, as mentioned above some features are not possible to reflect
accurately in OPUS10 or SIMLOX. In particular prelife and the pos-
sibility to perform preventive maintenance prematurely in combina-
tion with corrective maintenance is not possible to model in OPUS10.
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Even if it was, it would not make a difference on the results from
OPUS10 as the same steady-state values would still apply.

A fundamental difference is that the efficient curve from OPUS10

is calculated through an optimization and the efficient curve from
Matlab is conducted from simulation results. The efficient curve on
number of backorders from OPUS10 is slightly higher than that pro-
vided from Matlab. This is due to the paradox of having full utiliza-
tion, as this is not a possible steady-state if units are failing at a certain
rate, this is also discussed in Section 4.1.1 above.

Even though the efficient curves are not identical this will not cause
a problem for the purpose of this study. Since the efficient curve from
Matlab is mainly used to compare different simulation scenarios and
as they all have the same difference in terms of mathematical model-
ing compared to OPUS10 the curves can be compared individually
and the difference between them can be extrapolated to OPUS10.
Hence, if two simulations differ from each other in some fashion, the
same type of difference is expected in OPUS10.

Simulations from Matlab and results from SIMLOX are more or less
identical, which might be expected as both are simulations. The dif-
ferences that might occur between the two software’s can be derived
from the randomness when performing a simulation. For example,
the exact number of backorders can differ slightly.

As with OPUS10 some features are not possible to include in SIM-
LOX, but prelife can be analyzed as well as steady-state time. The
different scenarios that are possible to compare with SIMLOX have
been investigated. For practical reasons, only the scenario that is also
possible to model in OPUS10 have been included in this report.
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4.2 simulation parameters’ effect on preventive main-
tenance

In Section 3.3.1 it is described which variables that may be varied
from one simulation to the next. Properties like corrective mainte-
nance and prelife have great impact on the pipeline of preventive
maintenance and can also influence how well the demand can be
regulated. In this section the effect that these properties have on pre-
ventive maintenance is demonstrated. The examined scenario is a one
base one depot system with ten units, i.e. situation at one base of the
scenario described in Section 3.3.6. Detailed description is shown in
table 4:

Table 4: Scenario properties.

Failure rate
Preventive

cycle
Repair
time

Prelife
PM ran-
domness

10 000/Mh
1000 h 24 h No No

Figure 13: Pipeline at one base, no randomness of PM and no prelife.

In Figure 13 the effects of defining the preventive cycle based on
operational time are demonstrated. Peaks in the pipeline are more
spread out as time passes. This is due to the fact that the randomness
of corrective maintenance will cause separate units to have slightly
different operational times. This sort of pipeline yields low variation
of interarrival times at the depot as the cyclicity of PM is preserved to
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great extent. Also, the Bernoulli distribution will not be particularly
accurate since the pipeline will either be zero or for most part some
number higher than one, when the Bernoulli distribution assumes
two adjacent numbers. This pipeline might however not be realistic
since there is often some regularity possible, certainly at base level,
and this will cause events from preventive maintenance to be much
more spread out over time.

Next, the effect of allowing PM events to occur randomly when
80% of the operation time interval has passed is shown, see table 5

and figure 14.

Table 5: Scenario properties.

Failure rate
Preventive

cycle
Repair
time

Prelife
PM ran-
domness

10 000/Mh
1000 h 24 h No Yes

Peaks in demand from preventive maintenance are not as distinct
compared to not allowing this randomness. This means of course
that there is more variation in time between arrivals at the depot.
And also that the probability distribution looks more like a Bernoulli
distribution, even though it is not a good approximation yet.

Figure 14: Pipeline at one base, with randomness of PM but no prelife.

At base level great regularity can be assumed and the high peaks in
Figure 13 and 14 are not very realistic. Since if there is a possibility to
schedule the pipeline, it would be more evenly distributed over time
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to decrease the demand for spare parts. This sort of pipeline can be
simulated by defining prelife between units at a base, see table 6 and
figure 15.

Table 6: Scenario properties.

Failure rate
Preventive

cycle
Repair
time

Prelife
PM ran-
domness

10 000/Mh
1000 h 24 h Yes Yes

By having prelife defined the probability of having preventive main-
tenance occurring at the same time for several units is significantly de-
creased. The pipeline is now more or less perfectly distributed over
time. Since the average pipeline is 0.24 it is certainly possible to have
a schedule with only zero or one unit in the pipeline. However, as
evidenced by the user survey, such perfect conditions may not be re-
alistic.

Since the pipeline is now actually what might be expected at the
local level the probability function is very close to that of a Bernoulli
distribution. Not surprising, as the pipeline is only varying between
three values.

Figure 15: Pipeline at one base, with randomness of PM and prelife.

The last case described above is actually the situation at one single
base in the test case of one central depot and ten bases. For future
reference, this is the kind of pipeline that can be expected at base level
in the test case including ten bases. In the next chapter the situation
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at a single base is demonstrated and the pipeline above is from here
on the pipeline at base level.

As might be expected, the Bernoulli distribution works quite well
at base level. From figure 15 the distribution of number of units in
the pipeline is almost perfectly Bernoulli distributed. One of the in-
teresting aspects is if this distribution works equally well at a higher
level in the support system. This is investigated in the next chapter.
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4.3 one central depot and ten bases

The scenario which is simulated for most analyses is the one de-
scribed in Section 3.3.6 with one central depot and ten bases. All
bases are equal in terms of number of systems and transportation
time to and from central, this is in fact set to zero as it doesn’t af-
fect the pipeline at the depot. However, the bases have no coordina-
tion between one another and are requesting preventive maintenance
from central depot according to their respective pipeline. In table 7

detailed scenario properties are shown. Failure rate, preventive cycle
and repair time are the same for all units at all bases. The simulation
time is based on the fact that a small or no change of results between
simulations is desirable, the longer a simulation period the better the
average will be.

Table 7: Scenario properties, one depot and ten bases.

No of
depots

No of
bases

Failure rate
Preventive

cycle
Repair
time

Pre-
life

PM
random-

ness
Tsimulation

1
10 10 000/Mh 1000 h 24 h Yes Yes 15 yrs

4.3.1 Situation at base level

As mentioned above, the Bernoulli distribution works well at the lo-
cal level. The pipeline is almost fully regulated, see figure 15 as an
example, and the resulting efficient curve is very close to the result
from the simulation. Since the Bernoulli distribution disregards the
possibility of two units in the pipeline, and only considers either zero
or one unit, there will be a slight underestimation in expected num-
ber of backorders. As the pipeline rarely exceeds two units the risk of
shortage with two spare parts is close to zero. The efficient curve for
number of backorders at a single base is shown in figure 16.

A comparison between the probability distribution obtained with
simulation and the one obtained with the assumptions made in OPUS10

is shown in Figure 17.
Obviously, the distributions are very similar and the Earth mover’s

distance, see Section 2.2.11, is 0.0361. Evidently, the Bernoulli distribu-
tion is sufficient at base level, with a pipeline distribution with little
variance. The situation at central depot is described in the following
chapter.
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Figure 16: Expected number of backorders depending on stock, base level.

Figure 17: Probability density functions for simulation and with assump-
tions made in OPUS10 of pipeline at base level.

4.3.2 Situation at central depot

The pipeline at central depot arises when ten bases are requesting pre-
ventive maintenance with zero coordination between the single bases.
In Figure 10 w 18 the pipeline at central depot is shown. Compared
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to a single base, the average number of units in repair, represented by
a red line in the Figure, is ten times greater. Variance of the pipeline
has also increased greatly. In Figure 18 the histogram of number of
units in the pipeline at central level is displayed. Using the Bernoulli
distribution to describe this histogram does at a first glance not look
very promising as the variance of possible number of units in the
pipeline is obviously greater than what the Bernoulli distribution can
handle.

Figure 18: Pipeline from PM, interarrival times and histogram of number of
units in the pipeline at central level..

In Figure 19 the number of backorders is shown. The orange line is
the true number of backorders according to the simulation, i.e. that
efficient curve can be directly deduced from the histogram in Figure
18. The blue curve is obtained by modeling demand from PM with the
Bernoulli distribution, i.e what OPUS10 would produce. The curves
are similar at the extremes, either with zero spare engines or with
seven or eight the efficient curves are identical. However, the relative
errors in expected number of backorders at stock levels two, three
and four are alarming.

The reason for these rather large underestimations become clear
in Figure 20 where histograms of both the actual pipeline and the
pipeline modeled with Bernoulli distribution are compared. Both of
these histograms are constructed with the convoluted demand from
corrective and preventive maintenance.

At central depot the average number of units in the pipeline from
preventive maintenance is roughly 2.6. Modeling this with the Bernoulli
distribution means that pipeline from preventive maintenance is ei-
ther two or three. This is the reason that there is no possibility of zero
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Figure 19: Expected number of backorders depending on stock, central level.

or one units in the total pipeline constructed with the assumptions
made in OPUS10 in Figure 20.

The Earth mover’s distance between the two histograms in Figure
20 is 0.6644, recall that the same measurement at a single base is
0.0361.

Figure 20: Probability mass functions for simulation and with assumptions
made in OPUS10 of pipeline at central level.
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4.3.3 Analysis of simulation results

By starting with the most intuitive form of preventive maintenance
and adding features that where concluded from discussion with users
a reasonable pipeline at base level is achieved. As mentioned in the
problem description the assumptions on perfect regularity and full
coordination works well at this level. The pipeline shifts mainly be-
tween two values and is described accurately with a Bernoulli distri-
bution. The pipeline is allowed to fluctuate slightly from zero or one
units in the pipeline and this introduces a small error. However, the
probability function achieved with assumptions made in OPUS10 is
fairly similar to the one from simulations in Matlab.

One of the objectives is to investigate how well the assumptions
on perfect regularity and coordination works at central level in the
support system. By adding several bases and creating a system this
can be simulated in Matlab. No coordination is assumed between
bases which means that as soon as a demand for preventive mainte-
nance appears at base level it is immediately added to the pipeline at
central level. As the results suggest the assumptions does not work
completely at this level in the support system and certainly not as
good as at base level.

First, the relative difference between the efficient curves is signif-
icantly greater at central level than at base level. The earth mover’s
distance is greater as well. Suggesting that the assumptions are more
suited at base level than at central level in the support system.

The reason for such a significant difference between the simulated
probability function and the one achieved with OPUS10 assumptions
at central level is that the Bernoulli distribution assumes only two
possible levels in the pipeline from preventive maintenance. When
the demand from ten bases, that are all almost fully regulated, are
aggregated without any coordination the pipeline is given by Figure
18. Obviously, describing this pipeline with a Bernoulli distribution
is not sufficient.

When comparing the two probability functions from simulation
and assumptions made with OPUS10 the difference is obvious as
well. Since the average pipeline from preventive maintenance is around
2.4 the Bernoulli distribution models a probability function that can
assume values either two or three, hence the total pipeline from both
CM and PM can never be less than two, as can be seen in Figure 20.

In conclusion, the assumptions on perfect regularity and full co-
ordination is sufficient at base level but not at central level in this
particular support system. Ways of treating this issue is discussed in
the following section.
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4.4 comparison with use of pmcf

As described in previous section the variance of the demand from
preventive maintenance is significantly underestimated. To compen-
sate for this PMCF, PM coordination factor, might be utilized. Recall
the purpose of this factor from Section 2.2.8. By modeling some or
all of the preventive maintenance as corrective maintenance a proba-
bility distribution with greater variance to mean ratio is assumed. In
Figure 21 the effects of using PMCF on the efficient curve are shown.

Figure 21: Effects on efficient curve using PMCF, central level.

Modeling half of the preventive maintenance with Poisson distri-
bution, i.e. PMCF=0.5, gives a more accurate efficient curve but not
perfect. However, modeling all of the preventive maintenance, thereby
assuming no coordination between bases, with Poisson distribution
gives a relatively accurate result. In Figure 22 the effect of using
PMCF regarding the convoluted demand is shown. As PMCF de-
creases, i.e. the assumed coordination between bases is decreased, the
convoluted demand becomes more alike the simulated distribution
shown in Figure 20.

Table 8: Effects of PMCF on Earth mover’s distance.

PMCF 0.75 0.50 0.25 0

EMD
0.4498 0.2536 0.0851 0.0331
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Figure 22: How the histogram of number of units in the pipeline at central
level is affected by setting PMCF=0.75, PMCF=0.5, PMCF=0.25

and PMCF=0 respectively.

Since the scenario above is constructed with ten bases with zero
coordination between each other, the fact that setting the coordina-
tion factor to zero gives a more accurate result may not be surprising.
However, it might be interesting to look at how PMCF affects the effi-
cient curve at a single base where the demand from preventive main-
tenance is almost perfectly regulated. In Figure 23 setting PMCF to
zero at base level is shown. Interestingly, even though the pipeline is
almost perfectly fitted for a Bernoulli distribution it seems that setting
PMCF to zero gives a more accurate result. In fact, the Earth mover’s
distance is 0.0470 for the Bernoulli distribution and for setting PMCF
to zero EMD is 0.0089.

Figure 23: Effects on efficient curve using PMCF, base level.
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4.4.1 Analysis of PMCF

Utilizing the preventive maintenance coordination factor is a very
simple solution to the problem. Certainly at the central level it proves
to be very effective and solves the entire issue of having lack of co-
ordination between bases. It even shows improvement of the results
at base level. In both cases the Earth mover’s distance is significantly
decreased and the probability functions are more similar to those
obtained from the simulations. Conclusively, PMCF is a possible so-
lution to the initial problem.

However, and this is important, from a modeling point of view,
there will be no access to the correct probability function or the cor-
rect efficient curve. Hence, setting a value for PMCF is not at all ob-
vious. Especially not when all that is available is the support system
and maintenance plans.

In the simulation scenarios above the fact that there is absolutely
no coordination between bases makes the choice of PMCF obvious.
There is a possibility of using SIMLOX as a point of reference in the
modeling process, but this work will be tedious as there are several
points of interest in the optimization and examining all of them in
SIMLOX just to find a reasonable value for PMCF will be time con-
suming.

There are ways of recommending how PMCF could be determined
from for example mean and variance. A lot of effort has been made
in this area, trying to find correlation between variance to mean ratio
and PMCF. But the number of variables that affects the actual out-
come is large and a clear relation between variance to mean ratio and
PMCF has not been determined.

Since a lot of simulations have been investigated there are some
pointers to be made when setting a value for PMCF. That is, if full reg-
ularity and complete coordination between bases cannot be guaranteed at the
level on which PM is performed it seems to be more efficient to set PMCF=0.
This is for example the case at a single base where the pipeline is
almost fully regulated but setting PMCF=0 still gives a more accurate
result.

There is however room for more investigations regarding variance
to mean ratio and PMCF. This has been left out of the scope of this
thesis for two reasons. First of all it would require more time than
available to analyze this in detail. Second of all when variance of the
pipeline is known the door opens for other interesting ways of solving
the problem. For example assuming another distribution than that of
Bernoulli, this is what follows in the next section.
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4.5 comparison with binomial distribution

If the variance of the demand from preventive maintenance is known,
in the simulations made in Matlab this is done by the methodology
described in 2.2.10, there is an opportunity to fit other distributions to
the demand from preventive maintenance. For example the Binomial
distribution requires both mean and variance to be known. Accord-
ing to the simulated probability function of the pipeline from preven-
tive maintenance at central level the Binomial distribution seems like
a promising candidate. To start with, assuming the binomial distri-
bution is first analyzed at a single base. Histograms of simulation,
Binomial and Bernoulli distributions are shown in Figure 24 below.

Figure 24: Probability density functions for simulation and with assump-
tions made in OPUS10 of pipeline at base level.

At base level these distributions are all very alike. The Earth mover’s
distance is 0.0330 for the Binomial distribution while it is 0.0447 when
assuming the Bernoulli distribution. Hence, at base level, with low
variance in demand from preventive maintenance, the Binomial dis-
tribution is slightly more accurate. Keep in mind that the Bernoulli is
almost as accurate, without requiring any knowledge of the variance
in demand from preventive maintenance.

Efficient curves related to the above histograms are shown in Fig-
ure 25. Assuming either Binomial or Bernoulli distribution works
well. The Bernoulli distribution gives a slightly better curve with zero
spare parts while the Binomial distribution is more accurate with
some spare parts.

In conclusion, at base level both the Binomial and Bernoulli distri-
bution works fine. The Bernoulli distribution is more desirable since
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Figure 25: Expected number of backorders depending on stock, base level,
comparison between simulation and assumptions with Bernoulli
and Binomial distributions.

it only requires the mean demand from preventive maintenance. The
question is then how the comparison between these two distributions
turns out at central level.

In Figure 26 the histograms of simulation, and assuming Binomial
and Bernoulli distributions are shown. At central level with a pipeline
as demonstrated in Figure 18 it is clear that Binomial distribution is
the far more accurate of the two. Hence, with ten bases and no co-
ordination between them the Binomial distribution seems to be very
effective. However, it does require knowledge of the variance. In Fig-
ure ?? the expected number of backorders is shown.

The Earth mover’s distance is 0.0171 for the Binomial distribution
while it is 0.6644 when assuming the Bernoulli distribution. Com-
pared to base level, EMD for the Binomial distribution is only slightly
higher while there is a substantial increase in EMD for the Bernoulli
distribution.

It is worth pointing out that running simulations in Matlab can
be made with any number of bases and in all scenarios, except the
one with a single base, the Binomial distribution is clearly the better
alternative.
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Figure 26: Probability density functions for simulation and with assump-
tions made in OPUS10 of pipeline at central level.

Figure 27: Expected number of backorders depending on stock, central level,
comparison between simulation and assumptions with Bernoulli
and Binomial distributions.
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4.5.1 Analysis of Binomial distribution

The Binomial distribution seems very promising. At all simulations
that have been run it works at least equally well as the Bernoulli and
in most cases there is a significant improvement in accuracy when us-
ing the Binomial distribution. Looking at the Earth mover’s distance
at central level and comparing Bernoulli and Binomial distributions
makes it obvious as which of the two distributions is the better.

Even when comparing using the preventive maintenance coordina-
tion factor for the Bernoulli distribution it seems as if the Binomial
distribution gives a better result. Looking at the Earth mover’s dis-
tance for the two distributions at central level yields this particular
result. This points even more to the Binomial distribution’s favor.

It is not a surprise that the Binomial distribution works better than
the Bernoulli. The Binomial is of course much more flexible and can
assume more than two values. Moreover, applying the Binomial dis-
tribution means making use of the variance. That means one more
variable to aid in estimating the probability function.

The variance at central level has been estimated with accumulating
the variance at every single base. This method has been compared
with estimating the variance directly from the pipeline at central level
and the two methods match. Hence, if variance at the bases can be
estimated in a simple way or if the same thing can be done at the
central level the Binomial distribution is truly an option to consider.
The only question is how much problem does requiring knowledge
of the variance impose.

However, if a recommendation on how to use PMCF is to be con-
structed using the variance is almost a must. This means that fur-
ther exploring either PMCF or the Binomial distribution both require
knowledge of the variance. According to the results in this thesis, fur-
ther investigating the Binomial distribution seems the most promis-
ing of the two options.

Keep in mind that knowing both the mean and variance of the
pipeline means that more distributions than just the Binomial can be
used to model preventive maintenance. Exploring other distributions
is also a possibility and definitely a possible extension of this thesis.
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4.5.2 Combining Bernoulli and Binomial distributions

Since the Bernoulli distribution works sufficiently at base level and
the Binomial distribution is promising at central level the case of
combining the two distributions have been included as a final inves-
tigation. The sum of identically distributed, independent Bernoulli
variables are in fact Binomial distributed. This is the case for the
support system of the simulations performed in this thesis. Hence
assuming Bernoulli distribution at the bases which are aggregated to
a Binomial distribution at central level is somewhat mathematically
motivated. However, the question of identically distributed and inde-
pendent variables might not always be true.

In Figure 28 the expected number of backorders is shown for the
simulation and for assuming Bernoulli distribution at base level and
Binomial distribution at central level. It is definitively more efficient
than assuming Bernoulli distribution at all levels in the support sys-
tem. It is however not as efficient as assuming Binomial distribution
at all levels.

Figure 28: Expected number of backorders depending on stock, base level,
comparison between simulation and assumptions combining
Bernoulli and Binomial distributions.

The Earth mover’s distance between the simulation and the as-
sumption with combined Bernoulli and Binomial distributions is 0.1353.
Which also suggests that it is clearly a better assumption than assum-
ing Bernoulli distribution at all levels but not quite as effective as
assuming Binomial distribution at all levels.
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4.5.3 Analysis of combining Bernoulli and Binomial distributions

Compared to using the Binomial distribution at base level as well the
performance is slightly worse. But assuming Bernoulli at base level
has an obvious benefit. That is, no estimation of the variance is neces-
sary. Since it is assumed that the pipeline corresponding to preventive
maintenance at base level is Bernoulli distributed the variance can be
directly estimated. Recall the properties of the Bernoulli distribution
in section 2.2.6 and the fact that the variance can be deduced from
the value of ph.

The question is how well the mathematical motivation for assum-
ing Binomial distribution works in practice. Having a support system
that is identically distributed and completely independent at base
level is not very likely. However, from a mathematical perspective it
might still be a more correct assumption than assuming the Bernoulli
distribution at all levels of the support system.

In conclusion, assuming Bernoulli distribution at base level and
Binomial distribution at central level seems very promising and is
worth investigating further as a potential extension of this thesis. The
results are very accurate. Most importantly the drawback of having
to estimate the variance is eliminated.





5
C O N C L U S I O N S

The initial problem was to investigate the impact of the simplistic
assumptions on regularity and coordination made in OPUS10. The
results are clear and shows that there is a risk of significant under-
estimations of the pipeline corresponding to preventive maintenance.
The Bernoulli distribution seems to not be very robust and as soon
as the pipeline from PM contains more than two different number of
units the accuracy will suffer. This is certainly clear at higher levels
of the support system where demands from several bases are aggre-
gated without any coordination. At base level the Bernoulli distribu-
tion seems to be more appropriate. However it is still not perfect if
perfect regularity cannot be guaranteed. According to the user sur-
veys perfect regularity of preventive maintenance is actually not that
easily achieved.

The second part of the thesis is dedicated to investigating possi-
ble solutions to the problem regarding simplistic assumptions. In
OPUS10 there is the possibility of using PMCF and it works quite
effectively. However, from a modeling point of view it is hard to de-
termine this factor as there is no knowledge of the, so to say, correct
efficient curve. Attempts were made to relate variance to mean ra-
tio to certain values of PMCF, but the affecting factors were many
and the work required to do this in a satisfactory manner is more
than what may be included in this thesis. Mainly because it requires
a large number of scenarios to be analyzed and the support system
chosen for simulations did not provide this. Time was also a limiting
factor.

But as a large number of simulations were made some guidelines
of using PMCF can still be concluded. As long as perfect regularity
and coordination between bases can be guaranteed at the level of
the support system where PM is performed then using PMCF=1 is
adequate. If this is not the case then using PMCF=0 is more efficient.
From a business point of view this also seems more appropriate since
setting PMCF=0 decreases the risk of underestimations in reality and
thereby assuring the customer the results that are actually provided
from Systecon’s software.

The Binomial distribution is analyzed as a potential candidate for
replacing the Bernoulli distribution. The results seem very promising.
At all scenarios investigated the Binomial distribution is at least as
accurate as the Bernoulli and it is often more efficient even if PMCF
is utilized. It does however require knowledge of the variance.
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Lastly a combination of the Bernoulli and Binomial distribution
is investigated. The results are promising and worth investigating
further. Knowledge of the variance is not required which has great
practical benefits.



6
P O S S I B L E E X T E N S I O N S

There are three major areas in which this thesis can be extended. The
complexity of the support system can be increased and thereby ex-
panding the number of scenarios that can be simulated. This would
make the conclusions more robust.

If there was access to more complex simulations then it would also
be beneficial to do more analysis on PMCF and relating variance to
mean ratio to certain values of PMCF for example.

Lastly more distributions than just the Binomial distribution may
be suited to replace the Bernoulli distribution. Investigating such dis-
tributions is also a reasonable extension of the work presented in this
thesis.
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