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I Abstract 
This master thesis project has been conducted at Fugro Marine Services in Leidschendam and is 

positioned within the larger Integrated Maintenance and Service Logistic Concepts for Maritime Assets 

(MaSeLMa) project. MaSelMa focuses on developing innovative concepts for the maritime sector with 

the objective, amongst others, to result in significant reduction in the total cost of ownership for asset 

owners. This includes the reduction of maintenance related costs by optimizing maintenance policies. 

Most literature concerning maintenance policy optimization assumes that degradation rates are 

deterministic and maintenance policies are based on this assumption. In practice this is not always the 

case as usage and environmental factors influence the degradation rates of components. When 

degradation rates are significantly stochastic this assumption may result in poor policies and subsequent 

poor performance. Furthermore, system redundancy is used in practice to increase the reliability of a 

system in order to prevent downtime of critical systems. In most literature the effect of system 

redundancy on maintenance policies is not considered. This master thesis project presents stochastic 

dynamic programming models to determine the optimal maintenance policies for both time based 

maintenance and condition based maintenance policies taking stochastic degradation rates, different 

operational modes and system redundancy into account. To the best of our knowledge no such model 

currently exists in literature. Furthermore, the developed models have been applied in two case studies. 
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II Executive summary 
This report is the result of a master thesis project that has been conducted at Fugro Marine Services 

(FMS) in Leidschendam. FMS is an in-house vessel managing company that, amongst others, manages 

maintenance related activities of vessels of the Fugro operational companies. Currently 17 vessels are 

managed by FMS and it is expected that this number will increase the coming years. This master thesis 

project is furthermore positioned within the larger Integrated Maintenance and Service Logistic 

Concepts for Maritime Assets (MaSeLMa) project. MaSeLMa focuses on developing innovative concepts 

for the maritime sector with the objective, amongst others, to result in a significant reduction in the 

total cost of ownership for asset owners. One way to realize this is to optimize maintenance policies.  

 

In determining optimal maintenance policies most literature and methods assume that degradation 

rates are deterministic and maintenance policies are based on this assumption. In practice this is not 

always the case as usage and environmental factors influence the degradation rates of components. 

When degradation rates are significantly stochastic this assumption may result in poor policies and 

subsequent poor performance. There are three important elements that result in stochastic degradation 

rates which are: the usage of systems, the environmental conditions and system redundancy. The usage 

of a system determines the loads experienced by a system and therefore influences the degradation 

rates. Environmental factors affect degradation rates in a direct and indirect way. Direct influence 

occurs when environmental factors such as temperature and humidity influence material properties 

which in turn affect degradation rates. Indirect influence occurs when environmental factors affect 

either the load applied to a system or affects which or how many systems are used. Furthermore, 

system redundancy is employed in order to decrease the risk of downtime. This influences the 

replacement policies by decreasing the risk of downtime when a failure occurs. It also introduces a 

policy that dictates how redundant systems are used which in turn affects degradation rates. All three 

elements are considered in the main research question: 

 

How to optimize maintenance policies considering future usage, future operating environments and 

system redundancy? 

 

Usage profiles 

Usage profiles have been developed that describe the behavior of future usage, future operating 

environments and redundancy usage of a system. The main elements of the usage profiles are the 

operational modes. These operational modes represent different activities or locations that a system 

can have which have significant differences in degradations rates, replacement costs or downtime costs. 

Each operational mode describes by means of a discrete probability distribution the different 

degradations rates that can occur during that operational mode. It also describes the replacement costs 

if a replacement would occur and downtime costs if downtime would occur in that operational mode. 

Furthermore, the usage profiles also describe how the system changes operational modes through time 

by means of a transition matrix. The resulting usage profiles can be used in the developed models 

discussed next to determine the optimal maintenance policies.  
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Stochastic dynamic programming models 

Time based maintenance (TBM) policies are generally used in practice but the potential gain from 

implementing condition based maintenance (CBM) policies is also of interest. For this reason stochastic 

dynamic programming (SDP) models have been developed for both TBM and CBM policies. SDP models 

have been developed considering systems that do not have redundancy and for systems that do have 

redundancy. By comparing these two models the effect of system redundancy can be determined. All 

optimized policies can be evaluated in terms of the total expected maintenance cost.  

 

The SDP models are analytical in nature and compute the optimal solution. An advantage of this 

approach is that they are expressed in mathematical terms, which allows the development of general 

models. All models presented in this thesis are general in the sense that they can be used for any system 

that is subject to stochastic degradation rates, has a finite planning horizon and has identifiable 

operational modes. 

 

Analysis 

The SDP models haven been applied to two case studies and are used to generate insights by means of a 

sensitivity analysis. The first case study focuses on a centrifugal cooling fan which is not a redundant 

system. The second case study focuses on cylinder liners which are a component of the diesel engines 

and do have system redundancy. Optimal maintenance policies have been determined for both studies. 

In the sensitivity analysis one parameter has been varied while the others have been kept fixed. The 

varied parameters are the downtime costs, replacement costs and degradation rates. This provides 

insights in the effects of these parameters.  

  

Conclusions 

The end of the planning horizon effects which type of policy should be considered. This is due to the fact 

that at the end of the planning horizon the component is always replaced. In general, the gain that can 

be obtained from CBM is that more of the useful life of a component can be used. However, the end of 

the horizon limits this by setting a fixed replacement time. This effect is clearly shown in the cylinder 

liner case study. Here the component will certainly fail between two major overhauls (when the time 

between two major overhauls is large), but it is very unlikely that it will fail twice. This means that a 

single replacement must always be made before the major overhaul. The CBM policy is able to use more 

of the useful life of one of the components but due to the planned end of horizon this additional useful 

life is not utilized. This effect is related to the degradation rate of a component. The gain from 

employing CBM decreases when the degradation rate is very low (if it is unlikely that the component will 

fail) or when the degradation rate is very high (then the component will fail frequently). 

 

TBM policies are specifically useful for components that have a degradation rate that is small enough so 

that it is very unlikely that these components will fail before the end of the planning horizon, or will only 

fail once. But if the degradation rates are uncertain then the TBM policies perform significantly worse 

when the degradation rates in practice are higher than the ones considered in optimizing the policies. 

The exact increase depends on the component but the relationship is exponential. For systems that have 
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redundancy the expected policy cost increases by 200% if the degradation rate doubles. If the system 

has no redundancy the increase in expected costs can explode to an increase of 1000% when the 

degradation rate doubles, which is due to the fact that downtime costs are incurred. Such an example is 

shown in the case study of the cooling fan in which the optimal policy was 6 times less expensive than 

the current policy. 

 

CBM is particularly useful when the difference in replacement cost increases between different 

operational modes, and when a component is expected to fail multiple times during the planning 

horizon. If an operational mode has a replacement cost that is twice as large as the least expensive 

replacement cost, then the expected total cost of the optimal TBM policies is 60% more compared to 

the optimal CBM policy. This difference in expected cost can go up to 284% if an operational mode is ten 

times more expensive then the least expensive operational mode. Note that these results are only valid 

if the component is expected to fail multiple times.  

 

The effect of redundancy is that it reduces the risk of downtime. For the TBM policies, sensitivity 

analysis has shown that if the downtime costs are between €10.000 and €100.000 the replacement 

interval of a redundant system can be increased up to 30% compared to a single component system. 

This results in fewer replacements that need to be made, effectively reducing the expected costs up to 

20%. The effect of downtime is much less for the CBM policies. This is true for both the single 

component model as for the redundancy model. The expected cost increase is less than 1% when the 

downtime cost increases. This follows from the fact that the under a CBM policy, the system is 

constantly being monitored and thereby the risk of downtime is reduced even further. 

 

The final conclusion that can be made is that keeping a spare part in stock reduces the expected policy 

costs significantly if an incorrect policy is used. The case study of the centrifugal cooling fans shows that 

not keeping a spare part in stock results in an expected policy cost increase of 200%.  

 

Recommendations 

The case study of the centrifugal fan showed that the optimal TBM policies can improve the current 

TBM policy or can be used to verify the current replacement policy as shown in the cylinder liner case. 

Assuming that in the case of the centrifugal fan a spare part is kept in stock on board the vessel, the 

optimal replacement policy results in a decrease of expected cost of 50%. The recommendation can 

therefore be made that the presented models should be used by FMS to optimize their current TBM 

policies. No additional investments are required in terms of training of personnel or changing the 

information system. Further research is required to determine for which components it is feasible to 

employ CBM. In this case the investment costs have to be offset to the potential gains. It is expected 

that CBM will not result in much gain, in terms of replacement interval optimization, for the most critical 

components. Usually the major overhaul is planned to ensure that a critical failure of such a component 

cannot occur and as shown by the cylinder liner case, no gains can be made. However, by employing 

CBM a monitoring system must be used. If a critical failure would occur for another reason than gradual 

degradation than this system could possibly detect such a failure before it occurs preventing much costs. 
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1. Introduction 
This report contains the results of a master thesis research carried out at Fugro Marine Services (FMS) in 

Leidschendam, The Netherlands. The research is positioned within a larger project, the Integrated 

Maintenance and Service Logistics Concepts for Maritime Assets (MaSeLMa) project. 

 

This section gives a short introduction to FMS and their current maintenance organization. Furthermore 

a short introduction is given about the MaSeLMa project and its influence on this master thesis research. 

Finally the report lay-out is discussed.  

 

1.1 Company introduction 
Fugro was founded in 1962 and has become a world leading geological specialist. Fugro’s mission is “to 

be the world’s leading service provider in the collection and interpretation of data relating to the Earth’s 

surface and sub-surface, and in the support of infrastructure developments on land, at the coast and on 

the seabed.” (Fugro, 2015). Currently Fugro employs 13.500 people in over 70 countries around the 

world. Fugro’s service offerings target six client sectors namely oil and gas, sustainable energy, building 

and infrastructure, mining, public sector and finally the water and agriculture sector. 

 

A major part of Fugro’s activities are related to research of the sea floor. In order to perform this 

research vessels are employed which have to operate in challenging environments. The performance 

and reliability of these vessels is of high importance. In order to assure a high quality in terms of 

availability Fugro started an in-house vessel managing company called Fugro Marine Services (FMS). 

FMS currently manages a fleet of 17 vessels. The purpose of FMS is to assure a high availability of the 

vessels during missions.  

 

1.2 Current maintenance organization 
A baseline study has already been performed at FMS, which describes FMS’s current maintenance 

organization. As stated before FMS tries to assure a high uptime of vessels during missions. To this end 

FMS employs a rather conservative maintenance strategy. The OEM recommendations are followed to a 

large extend which results in over-maintenance. This strategy in combination with system redundancy 

results in very high availability of the vessels, up to 100% in some years. Note that uptime is defined as 

the time the vessels are available on agreed operating times. As FMS follows the OEM recommendations 

this is to be expected. In the case of FMS the over-maintenance does not result in additional downtime 

as the vessels are in a harbor between 109 and 153 days per year already during which maintenance can 

be performed. Currently 6% of all maintenance activities are corrective maintenance actions, 93% is 

time base maintenance (TBM) and 1% is usage based maintenance. Condition based maintenance (CBM) 

is not (yet) part of the maintenance organization of FMS. That being said, data is being collected of the -

most expensive marine equipment aboard the vessels, the engines (Fokkens, 2014). FMS is interested in 

achieving the same availability levels but at lower costs. To this end FMS participates in the MaSeLMa 

project discussed next. 
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1.3 MaSeLMa 
This master thesis is positioned within the Integrated Maintenance and Service Logistic Concepts for 

Maritime Assets (MaSeLMa) project, which is a multi-year project with a consortium of multiple 

knowledge institutes, asset owners, original equipment manufacturers, service logistics providers and 

valorization partners under the supervision of the Dutch Institute for Advanced Logistics (Dinalog). FMS 

participates in the MaSeLMa project as an asset owner.  Maintenance of the assets within the maritime 

sector constitutes to a high fraction of the total exploitation costs. This is mainly due to the high capital 

intensive assets deployed in combination with highly variable and often severe operating conditions at 

remote locations. MaSeLMa focuses on developing innovative concepts for the maritime sector, with 

the objective to result in significant reduction in the total cost of owner ship for asset owners and 

provide OEMs, system integrators and service providers with opportunities for new business. The 

research is organized in three work packages (WPs) which are depicted in figure 1-1. The aim of each 

work package is:  

1. Increase the predictability of maintenance (i.e. prevent failures, reduce unnecessary 

maintenance). 

2. Design service logistic plans that generate optimal solutions with a specification of resources 

and materials requirements. 

3. Improve and extend cooperation for service logistics and supply chain management. 

 

 
 

Figure 1-1: Work package overview  (Dinalog, 2015) 

 

This master thesis is positioned within work package 2, specifically in that part that overlaps with work 

package 1, as it aims to determine optimal replacement policies assuming that system degradation 

models are available from work package 1. This research aims to develop a general framework that is 

able to improve maintenance activities, not only of FMS but for other consortium members as well.  
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1.4 Introduction to maintenance in the maritime sector 
The purpose of maintenance is to assure a certain level of reliability during the useful life of a 

component. Lynch, Adendorff, Yadavalli, & Adetunji (2013) define reliability as “the ability (probability of 

success) of a system to perform a required function for a defined period under specified environmental 

conditions.” Maintenance activities which are required to achieve a certain reliability level are very 

costly in terms of spare parts and required labour hours and require a careful balance between deciding 

on performing preventive maintenance and the risk for unexpected failures. This balance is especially 

difficult to decide in the maritime industry as vessels, which are the assets to be maintained, move to 

different geographical locations and are thus exposed to different operating and environmental 

conditions. These changing conditions affect component degradation rates over time. Much literature 

assumes that operating conditions are stationary as opposed to time varying. Furthermore, these 

vessels move to remote locations where not all resources might be available to perform maintenance. 

When a breakdown occurs maintenance could require additional costs for flying in specialized engineers 

or spare part components to the vessel. Also when breakdowns occur during a mission additional 

downtime costs are incurred. In the case of Fugro the  daily rate, in the year 2014, for breakdowns were 

between €35.000 and €70.000 (Fokkens, 2014).  

 

The changing usage and environmental conditions in combination with remote geographical locations 

result in additional complexity for maintenance decisions. Mokashi, Wang, & Vermar (2002) provide an 

overview of the specific problems related to the maritime industry. One major problem they identify is 

the lack of failure data. There is no easy access to failure data and the changing environments make it 

difficult to use failure data from one ship on another. Another issue are the repair qualities aboard a 

vessel. Shipboard personnel have to be ‘‘jacks of all trades’’ which suggests that they are unlikely to 

have specialist backgrounds. This in combination with ships “isolated” from repair facilities most likely 

effect the repair quality during operation. The “isolation” of the ships also implies that the vessels carry 

spare parts aboard the vessel. These spare parts are therefore subject to (additional) degradation 

compared to spare parts stored on shore. This additional degradation is caused by e.g. movement of the 

parts and vibrations due to waves. 

 

One way to increase reliability, one that is used often for critical systems in the maritime industry, is the 

use of system redundancy.  As mentioned by Lynch et al., (2013) system redundancy can be defined as 

either active or standby. Active redundancy means that the redundant system is working and producing 

extra capacity, whereas standby redundancy means that the redundant system is brought to work after 

the original system fails. System failures only occur when all systems have failed at the same time, or 

when the number of required systems cannot be met due to system failures and maintenance activities.  

 

All elements discussed result in equipment manufactures to recommend a worst-case maintenance 

program as they have no idea of the operating environments and want to avoid damage claims. This 

leads to over-maintenance. Methods are desirable for maintenance and spare part inventory decisions 

to improve reliability and reduce costs. 
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2. Project design 
This chapter presents the project design.  Section 2.1 describes the problem definition and the project 

objective. Based on this project objective research questions are formulated in section 2.2 and the 

project approach is discussed in section 2.3. Finally the contribution of this master thesis project to 

science and specifically the maritime industry are discussed in section 2.4. 

 

2.1 Problem definition and objective 
As discussed in the previous chapter, this master thesis project is positioned within WP1 one of the 

MaSeLMa project. Multiple experimental fields (EFs), each investigating a different system, have been 

set up which are used to combine the input of all work packages for evaluation purposes. This project is 

also positioned within an EF. This EF will be discussed next as it sets the framework for this project. 

 

2.1.1 Experimental field 1 
This project is positioned within experimental field 1 (EF1). The aim of EF1 is to provide solutions, by 

means of condition based maintenance, to decrease the overall maintenance cost by optimizing 

replacement intervals, spare part inventory levels and ordering decision. These solutions are applied to a 

specific system in an experimental environment to enable assessment of the value of advanced demand 

information obtained through condition monitoring and to determine the possible benefits.  

 

The system under investigation in EF1 is the diesel-electric propulsion (DEP) system. A propulsion system 

creates the force that leads to movement of the vessel. In a DEP system, diesel engines drive generators 

which generate electric power. This electric power is used to power electric motors that in turn drive the 

thrusters. This system is schematically shown in Appendix A. The basic idea of a DEP system is that 

electric motors allow the power production to be divided over smaller diesel-generators opposed to the 

conventional diesel direct propulsion system which drives the thrusters directly. The main advantage of 

a DEP system is the efficiency with which the engines can be used. All engines have an optimal operating 

point at which fuel is most efficiently converted to energy. Deviating from this operating point 

significantly affects fuel consumption. Vessels that have varying operating speeds are better suited with 

a DEP system as the optimal number of active engines can be chosen to fit the power demand. Vessels 

operated by Fugro operate on varying speeds and therefore (almost) all of them use a DEP system. 

Other advantages are the ability to make use of system redundancy, higher flexibility in designing the 

engine room and simplified maintenance (Adnanes, 2003; Lee, Kim, Jeong, & Jung, 2009).  

 

The DEP system exists out of many subsystems as can be seen in Appendix A. The focus of EF1 is on the 

diesel generators as they are responsible for the largest percentage of maintenance cost (25,6%) and 

the highest average downtime (Fokkens, 2014). A diesel generator is a diesel engine that is connected to 

a generator in order to generate electricity. The basic principle is that the engine drives a shaft which, in 

the generator, has a rotor that contains conductive materials. As the engine rotates the rotor, electrical 

energy is produced through magnetic induction. A schematic representation of this sub-system is shown 

in figure 2-1. The combination of EF1s aims and chosen sub-system results in the problem definition 

which is discussed next. 
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Figure 2-1: Schematic representation of a diesel generator 

 

2.1.2 Problem definition 
Due to redundancy and applying (to a large extend) the OEM recommendations concerning 

maintenance intervals the availability of the vessels managed by FMS is very high. FMS would like to 

maintain these high availability levels but at lower costs. One way to decrease cost is to improve the 

planning of maintenance activities.  

 

As stated in section 1.4, there are many challenges in maintenance in the maritime industry. The 

challenges that are in particular of interest for this this project are usage, changing operating 

environments and system redundancy. The diesel generators, which are the sub-system under 

consideration, are a redundant system. In this case, redundancy is the result of the way vessels are 

designed. The number of engines is based on the maximum required electric power the vessel can 

possibly need. As vessels rarely need this amount of electric power, in effect, system redundancy is 

created. Considering redundancy could result in improved maintenance planning as failures do not 

necessarily result in system downtime. The second challenge, usage and changing environments, affect 

the diesel generators as well. Different environments require different systems aboard a vessel to be 

functional. Changing the amount of active systems (e.g. using survey equipment or not) or changing the 

power requirements of these other systems (e.g. thrusters) increases the load experienced by the diesel 

generators which results in changing degradation rates. Taking these rates into account might also 

improve maintenance planning. Furthermore, vessels are subject to mandatory dry dock periods in 

which a complete or partial overhaul is to be performed. As these are mandatory and governed by laws 

these overhauls have to be executed and need to be considered in maintenance planning. 

 

Data driven analysis for the purpose of maintenance planning is possible only if extensive datasets are 

available. Such datasets are not available at this time. Therefore another method needs to be used. An 

alternative is to utilize physical degradation models.  These models are assumed to represent the 

physical processes that affect the health of a component. These models can be used accordingly to 

optimize maintenance planning. 
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2.1.3 Project objective 
Currently the major part of maintenance planning by FMS is time based maintenance. In order to unite 

the goals of FMS and the aims of EF1, both time based maintenance and condition based maintenance 

methods will be considered in this project. By both modeling the TBM policy and the CBM policy the 

possible gains by employing CBM, in terms of maintenance and downtime cost, can be shown.   

 

The goal is to deliver a general model that can be used to determine optimal replacement policies for 

components that are subject to changing usage, changing environments and system redundancy. The 

term “general model” refers to the fact that the objective is to develop a model that can be used on any 

component, not only for the diesel generators specifically. Furthermore the term “optimal replacement 

policy” is a rather broad term and for this research it has been decided that the output of the optimal 

model must be evaluated in terms of costs, both maintenance and downtime cost.   

 

2.2 Research questions 
This section describes how the problem definition and project objective are translated into the main 

research question and subsequent research questions. Basically there are three main areas of interest 

which are usage, operating environment and redundancy and how these affect the optimization of 

maintenance policies. Therefore the main research question is defined as follows: 

 

 

 

 

 

To be able to answer the main research question sub questions need to be answered. First off all, usage 

and operating environments affect degradation rates. In order to be able to answer the main research 

question the relationship between changing operating conditions on degradation needs to be known. 

This leads to the following question:  

 

1) How do usage and operating environments influence degradation rates? 

 

Another important aspect is how system redundancy is used and how redundancy usage is influenced by 

operating environments. The question that follows is: 

 

2) How is system redundancy used and how do changing operating environments influence 

redundancy usage? 

 

Finally models will be developed to determine optimal replacement times for both TBM and CBM.  

Comparing these models can give insights in the possible gains in terms of maintenance and downtime 

costs. This leads to the following question: 

 

3) What is the potential gain by employing CBM compared to TBM? 

How to optimize maintenance policies considering future usage, future operating environments 

and system redundancy? 
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2.3 Project approach 
The project approach is shown in figure 2-2 and basically exists out of four phases. The first phase, 

problem definition and research design, has been conducted in preparation if this master thesis project. 

The results of this phase have been discussed both in chapter 1 and throughout this chapter. The 

remaining phases can be described as follows: 

1) The modeling phase investigates the individual aspects of the problem statement, namely the 

effect of usage and operational environments, investigate how redundancy is used and 

investigate in general how degradation occurs. Simultaneously data is collected from practice to 

understand how each of these aspects affects FMS and later for case studies. This information 

will be used to develop the optimization models that can be used to optimize maintenance 

replacement times. Finally these models will be implemented in Microsoft Excel to deliver a 

working tool. 

2) The analysis phase will be used to apply the developed models and tool to two case studies. 

Furthermore sensitivity analysis will be performed to generate useful managerial insights. 

3) The results of the analysis stage will be used to answer the main research question and also to 

discuss limitations and recommendations.  

 

 
Figure 2-2: Project approach 
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2.4 Academic relevance 
This section describes the contribution made by this master thesis to the existing literature of 

maintenance policy optimization. Most literature concerning maintenance policy optimization assumes 

that degradation rates are deterministic and maintenance policies are based on this assumption. In 

practice this is not always the case as usage and environmental factors influence the degradation rates 

of components. When degradation rates are significantly stochastic this assumption may result in poor 

policies and subsequent poor performance. The stochastic dynamic programming models presented in 

this master thesis are developed to determine optimal maintenance policies for components subject to 

changing usage, changing operating environments and system redundancy through the use of physical 

degradation models. This way stochastic degradation rates are also included in policy optimization. To 

the best of our knowledge, no models exist in the current literature that considers all of these aspects in 

optimizing maintenance policies. Usually literature focuses on one or two of these aspects. Literature 

exists that takes into account changing operating environments (Moghaddam & Usher, 2011; Taylor, 

Kharoufeh, Solo, & Ulukus, 2010) but usually does not take into account changes in usage in a direct way 

but rather consider degradation distributions. Other work focuses on both changing operating 

environments and system redundancy. An example is the work of Tinga & Janssen (2013) who use 

available failure data from the navy to optimize replacement policies. Again they do not consider the 

changes in usage (in terms of system loading) in a direct way as they use mean time between failure 

(MTBF) distributions to determine replacement policies. In most real life cases too little data are 

available to base MTBF distributions on.  

 

Furthermore, models are developed for both time based and condition based maintenance which allows 

a direct comparison between the performances of these policies. Usually literature focuses on a single 

type of policy. Another contribution is that this thesis shows how to apply these models in practice and 

have been applied to two cases in the field.   

 

2.5 Terminology 
Both in literature and in practice different terminologies are used for what is considered e.g. a system, 

subsystem, consumable or component. For the remainder of this thesis the term component will be 

used for any part of a system that can be relatively easily replaced, irrespective of the vessels’ location, 

and can be kept as a spare part either on shore or on the vessel itself. Examples that fit this definition 

range from lubrication oil to cooling fans to fuel injectors. Examples that do not fit this definition are e.g. 

diesel engines or a vessels coating as these are either unpractical to keep in stock or are not easily 

replaceable. The term system is used to describe a collection of components that, when assembled 

together, deliver a specific performance.  An example of a system is the diesel engine shown in figure 2-

1 which delivers mechanical energy and consists of multiple components such as four injectors and four 

main bearings. One might consider the diesel engine itself as a component of the DEP system but in this 

thesis a diesel engine does not fit the component definition.  
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3. Detailed problem description 
This chapter discusses the three main aspects discussed in the previous chapter that are to be modelled. 

The changing usage and changing operating environments are defined and modelled. The third element 

system redundancy is modelled in more detail.  

 

3.1 Usage and operating environments 
The future usage and environmental factors are not known during the design phase of many 

components and systems. This results in conservative maintenance replacement intervals. Maintenance 

policies can be improved by taking into account the variations in usage and operating environments. 

This section discusses how to take this into account. One way to handle this is translating different 

mission types and operating conditions into usage profiles as done by Tinga & Janssen (2013).  In their 

work, different mission types are identified that a navy frigate performs. Each of these mission types 

operates in a different environment and goes through mission phases in which different subsystems of 

the navy frigate are used. In this thesis different mission types are referred to as operational modes 

(OMs). A similar approach is employed in this master thesis. The main difference is the addition of the 

load experienced by the subsystem and the way environmental factors are taken into account. Load is 

defined as the stresses experienced by the subsystem or component during operations. An example of 

the developed usage profiles, which is based on the work of Tinga & Janssen (2013), is shown in figure 3-

1.  

 

Figure 3-1: Example usage profiles  
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A usage profile basically exists out of four elements. The first element is the environment and refers to 

all environmental factors that influence the degradation rates of components. The second element 

exists out of operational modes. Both element one and two will be discussed further in this section. The 

situation in the maritime industry is used to illustrate these two elements but as discussed at the end of 

this section, the same applies for different industries and systems. The third element is the usage of 

(redundant) systems discussed further in section 3.2. Finally the fourth is the load that affects 

degradation. As this is highly component and system specific these loads effects must be determined for 

each component individually. The case study presented in section 5.3 discusses such load effects and 

how these are determined. 

  

As pointed out by Xin (2011) one key element in wear calculation is to determine the wear coefficient 

which among others depends on materials used in the component, lubrication and other environmental 

factors. These environmental factors could be e.g. temperature, humidity, sea water acidity etcetera; 

depending on the component and the failure mode under investigation. Factors such as used materials 

and lubrication are results of the design of the component or system and do not change after 

production has occurred but environmental factors can change. Two different types of changes can be 

considered when looking at environmental factors. Either the environment of the current location 

changes or the environment changes completely because the vessel moves to a very different 

geographical location (e.g. travels to a different ocean). Changes in the environment of the current 

location can e.g. be because of seasonal changes (summer vs winter) or because of storms. In either 

case the changes in environmental factors can influence degradation in a direct and/or indirect way. 

Temperature is a well-known factor that influences degradation rates, for certain systems, the changes 

in ambient temperature might influence the degradation rate directly i.e. if a system gets warmer or 

colder the system will fail at a higher rate. Another direct way can for example be seen in the 

performance of a diesel engine. Saber, Al-barwari, & Talabany (2013) investigated the effect of a change 

in the ambient temperature on the performance of a diesel engine. They found that higher ambient 

temperatures affected the combustion process resulting in incomplete combustion. As will be discussed 

in section 3.3 this is expected to influence degradation rates. Furthermore temperature also influences 

degradation rates in an indirect way as it results in a change in system loads and system usage. Taking 

the diesel generators as an example, if the ambient temperature decreases to a freezing temperature 

then heating equipment is used which results in degradation of heaters but also in additional load for 

the diesel generators as additional electric power is required. The local changes are the ones that are 

indicated by “environment: A” and “environment: B” in figure 3-1. These are modelled by indicating 

different load profiles during an operational mode. Taking the example of temperature, different usage 

and loads could exist between low, normal and high temperatures. Degradation can then be related to 

these three scenarios. The same effects occur in the case were a vessel travels to different geographical 

locations around the world. Figure 3-2 shows the sea temperature of the worlds seas and oceans. The 

temperatures range from light blue (-1,7°C) to pink (34,4°C). This figure clearly shows the differences in 

operating in different regions of the world. The main difference between changing environmental 

factors when operating at the same location compared to a different location is that certain factors stay 

the same when the location stays the same. Examples are sea water acidity and sea water salinity. These 

factors usually do change when a vessel sails to a different location.  
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Figure 3-2: Ocean temperatures on September 20th (“Seatemperature,” n.d.) 

 

The second element is the operational modes. In this thesis an operational mode is defined as a specific 

usage state of the vessel which changes the requirements of the systems compared to other operational 

modes. In practice the amount of operational modes can be numerous. For example, Tinga & Janssen 

(2013) defined twelve different operational modes for a navy frigate including modes as transit and 

surveillance. Basically they identified the mode transit, i.e. the sailing of a vessel from one location to 

another, and eleven different types of operations. As the goal of this thesis is to develop a general 

model, applicable to all MaSeLMa partners, three operational modes have been identified which apply 

to (almost) all partners. These three operational modes are general in the sense that they represent the 

main activities a vessel can perform which have different characteristics in terms of different system 

usage resulting in different degradation rates and different replacement and downtime cost.   

 

Up until now the maritime industry has been used to illustrate the usage profiles. However the 

developed models in this thesis are general in nature so they can be used for any situation as long as the 

systems are subject to different operational modes, different usage and stochastic degradation rates. An 

example could be a truck that drives to various locations. Another example could be a manufacturing 

machine on a factory floor. In this last example a difference can be made between working during the 

week and working during the weekends. In many scenarios’ different production activities are 

performed during the weekend compared to during the week. This can result in different degradation 

rates. Furthermore a difference in replacement costs can also exist. Usually during the weekend no 

maintenance engineers are available but they are on stand-by. When downtime occurs, these engineers 

need to be called and they need to travel towards the factory which takes time. Therefore more 

downtime costs would be incurred compared to during the week. These two examples illustrate 

different possibilities in which the developed models could be used.  
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3.2 System redundancy 
As discussed in section 1.4, redundancy can be defined as either active or standby. Active redundancy 

means that the redundant system is working and producing extra capacity, whereas standby redundancy 

means that the redundant system is brought to work after the original system fails. The main difference, 

in terms of degradation, between the two types of redundancies is that active redundant systems also 

incur degradation whereas the standby redundant systems do not degrade. Actually one might say that 

standby redundancy acts like an instant replacement and only requires corrective maintenance when 

too many components have failed. Examples of such systems are most pumps aboard a vessel, 

especially pumps for firefighting which are double redundant. The purpose of double redundancy is that 

if one pump breaks down and needs to be replaced the then working pump still has a redundant system 

as back-up.  

 

Active redundancy can actual be differentiated further in cold, warm and hot redundant systems. 

Differences exist in literature about what a cold, warm or hot redundant system represents. Lynch et al., 

(2013) suggest that a cold system needs a warm-up period before it can be used, a warm system is 

already running but without load i.e. eliminating the warm-up period and a hot system runs with a 

minimal load. A different definition for a hot system is used by de Smidt-Destombes, van der Heijden, & 

van Harten (2006). They investigated the Active Phased Array Radar used by the Royal Netherlands 

Navy. This system exists out of many elements all active and functioning at the same time although only 

a fraction of the elements is required for the radar to work. They define this system as a hot redundant 

system as all components are working with the same load but a fraction of the components are allowed 

to fail. The definition of Lynch et al., (2013) does not fit for most systems found on a vessel as warm up 

periods are usually very low. In this thesis the definition of de Smidt-Destombes et al., (2006) is used, 

meaning that the term redundancy will refer to redundant systems that, when used, incur the same load 

as the main active system. This includes systems, such as the diesel generators, that are turned on and 

off to increase capacity.  

 

It is possible to apply different usage policies to redundant systems meaning which of the available 

redundant systems to operated (Tinga & Janssen, 2013). In the case of de Smidt-Destombes et al., 

(2006) no policy is required for the radar as all components in the system are used at the same time. A 

different policy might be to alternate the usage of two systems but this would infer that the systems 

would fail roughly at the same time effectively removing the additional reliability by implementing 

redundancy. The policy considered in this thesis is a lagging policy, meaning that systems are used 

according to a numerical order. For example in a DEP system with three diesel generators the DGs will 

be number from one to three. Engine one will always be used, if additional capacity is required engine 

two will be activated and so on. This ensures that two systems will not fail at the same time because two 

diesel generators are always lagging in terms of degradation. In a lagging policy the major overhaul is 

usually planned based on the operating hours of the number one engine. In this case, the numerical 

order of the diesel engines changes after the major overhaul. Engine one will become engine three, 

engine two will become engine one and so on. This ensures that engines stay lagged in degradation 

compared to each other.  
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4. Mathematical models 
Most literature assumes that degradation rates are deterministic and maintenance policies are based on 

this assumption. In practice this is not always the case as usage and environmental factors influence the 

degradation rates of components. When degradation rates are significantly stochastic this assumption 

may result in poor policies and subsequent poor performance. This chapter presents stochastic dynamic 

programming models to determine the optimal maintenance policies for both time based maintenance 

(TBM) and condition based maintenance (CBM) taking stochastic degradation rates, different 

operational modes and redundancy into account. For both the TBM and CBM two models are 

developed, a single component model and a redundant model. The single component model considers 

components that have no redundancy. By modelling both single and redundancy models the two 

policies can be compared. By comparing these policies the effects of redundancy on the optimal policies 

and the expected policy costs can be investigated. The next section explains which mathematical 

method is used to solve the optimization problem and why this method is used.  

 

4.1 The mathematical method  
This thesis considers a discrete optimization problem for which decisions must be made during each 

discrete step to optimize a cost function. There are many methods to solve discrete optimization 

problems which are collectively known as mathematical programming methods (Lew & Mauch, 2007). 

These methods can be divided in four categories as proposed by (Bradley, 1977). One of these 

categories are the analytical models which, unlike the other categories, generate the optimal solution 

for the given optimization problem. As the objective of this thesis is to optimize maintenance 

replacement policies, the analytical method stochastic dynamic programming (SDP) is used. The 

objective of this section is not to compare the different analytical methods but to describe why 

stochastic dynamic programming is an appropriate method to answer the main research question.  

 

Stochastic dynamic programming is used because this technique allows for the degradation 

development, operational mode transitions and the environmental factors to be modelled as a 

stochastic process. A SDP translates the optimization problem in mathematical terms which allows the 

development of general models i.e. applicable to many different components. Furthermore, the 

dynamic programming (DP) method divides a complex problem in interrelated sub problems which gives 

insight in the nature of the problem. The method is also able to show the end of life effects of a finite 

planning horizon which, as discussed in section 4.2.1, is the type of planning horizon considered in this 

thesis. Finally, SDP is not limited by any linearity assumptions as would be the case for e.g. the linear 

programming method.  

 

SDP also has disadvantages. The biggest disadvantage is the effect of dimensionality. When an 

optimization problem is described by many states and state variables the computational time to solve 

the SPD can be problematic. Throughout this chapter it is discussed how the state variables and the 

number of states is kept to a minimum to minimize the required computational time of the developed 

models. Another issue is that dynamic programs are difficult to understand resulting in the requirement 

of more expertise to develop or solve dynamic programs. This issue is underlined by the fact that no 
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general algorithm or software program exists that can be used to solve dynamic programs. Other 

methods such as linear programming have pre-developed software, like the simplex method in 

Microsoft Excel, to solve these models. Therefore in order to allow the developed models to be 

applicable in practice, a custom made tool will be developed in Microsoft Excel. This allows the models 

developed in this thesis to be used without requiring the expertise to solve dynamic programs. The 

following section will discuss stochastic dynamic programming in detail. 

 

4.2 Stochastic dynamic programming 
Stochastic dynamic programming is a technique that can be used to solve optimization problems 

(Winston, 2003). A SDP can be used when a system under the control of the decision maker is evolving 

over time. At each point in time the decision maker sees the system state and makes a decision 

accordingly which is called a sequencing problem. This decision results in an immediate cost (or reward) 

and influences the system states at the subsequent decision epochs. An important characteristic of a 

SDP is that the optimal decision during each decision epoch should not depend on how the system has 

evolved to reach the current epoch i.e. only the current state of the system is required to make the 

optimal decision. This is called the principle of optimality (Winston, 2003). The optimization problem 

faced in this thesis can be considered a sequencing problem and meets this characteristic. During each 

decision epoch the decision can be made to either keep or replace the component. This decision only 

depends on what the current state of the system is and how the system is used in the future.  

 

4.2.1 Planning horizon 
The set of time points that can be considered is either over finite or infinite horizon (Winston, 2003). 

Many papers that employ SDP solutions for optimal maintenance policies consider an infinite horizon 

approach (e.g. Taylor et al., 2010; Ulukus et al., 2012). An infinite horizon is appropriate because either 

no meaningful end of a planning horizon exists or it is very difficult to define one. However in this thesis 

a finite horizon approach is considered. In practice, many systems are subject to periodic overhauls 

which can be considered as the end of life for a system as maintenance is performed which is assumed 

to return these systems to an as-good-as-new state. An example is the maritime industry which has a 

mandatory dry-dock period in which maintenance is performed for the entire vessel. Another example 

could be assets used in production facilities. Usually these facilities have a vacation period each year in 

which the facility is shut down and time is scheduled to perform overhauls on these assets. The time 

between these overhauls can be considered to be the planning horizon which is finite. 

 

4.2.2 Stage and state variables 
Two important variables of a SDP are the stage and the state variables. A DP divides the optimization 

problem in multiple stages which are solved sequentially by means of backward induction. In this thesis 

stages represent time periods in the planning horizon. The stage length should represent some 

meaningful time length e.g. if the system has sensors that continuously monitor the degradation level of 

the system then a very small stage length can be used (seconds or minutes) whereas if it takes much 

effort to determine the degradation levels (measuring by hand) then a larger time length is more 
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appropriate (daily, weekly).  It has to be noted that if the stage length decreases than the optimal 

decision must be computed at more stages increasing the computational time linearly.  

 

Each stage must have a number of states associated with it, where a state contains all the information 

required to make the optimal decision (Winston, 2003). These state variables represent the minimum 

amount of information needed to determine whether or not a component will fail and thus is the 

minimal required information to base decisions on. It is important to minimize the number of state 

variables as the computational time increases exponentially with the increase in state variables. The 

state variables considered in this thesis are the degradation level of the component under investigation  

𝑖 and the operational mode of the system 𝑚. The operational mode of the system describes the set of 

possible degradation amounts that the system can incur during a stage and the corrective and 

preventive replacement costs. This information combined with the degradation level is all the 

information required to make the optimal decision as will be shown in section 4.4.  

 

4.2.3 Assumptions 
The SDP method will be used for both the time based maintenance and condition based maintenance 

policies. In order to develop the models the following assumptions are made: 

1) Replacement times are negligible. This assumption is made as the replacement times of 

components are small compared to the planning horizon.  

2) Replacements are performed at the end of each stage t.  

3) When a component is replaced it is restored to the as-good-as-new state 

4) If a replacement is planned during a stage, then even if the component fails during that stage 

the preventive maintenance cost 𝑐𝑝 is incurred. This assumption is made because all 

preparations are made to perform the replacement activity when it is planned, taking away the 

additional replacement costs incurred with unplanned corrective replacements 𝑐𝑓. 

5) A component is assumed to have failed when it reaches its failure threshold F. 

6) A degradation amount x is incurred by component c with probability 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥), where m is the 

operational mode, e is the environment and r is the required number of active systems during 

stage t. 

7) All components are of the same quality i.e. have the same failure threshold and same 

degradation rates 

8) Replacement cost during a stage depend on the operational mode i.e. 𝑐𝑓(𝑚) 𝑎𝑛𝑑 𝑐𝑝(𝑚) 

9) Downtime cost during a stage  depends on the operational mode i.e. 𝑐𝑑(𝑚)  

10) It is assumed that 𝑐𝑓(𝑚) ≥ 𝑐𝑝(𝑚) 

11) At the end of the planning horizon, the system is restored to an as-good-as-new-state. This will 

always incur at the least expensive replacement cost.  

12) All required resources such as spare parts, equipment and personnel are always available.  

13) During each stage two decisions (a) can be made, either keep the component or replace the 

component (0 and 1 respectively). 

14) In redundant systems two systems will not fail at the same time. 
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4.3 Mathematical formulation of degradation 
A stochastic dynamic program requires the probabilistic mathematical formulation that describes the 

development of the system during a stage. This section presents this formulation for the development 

of degradation and discusses how this influences decision making. The amount of degradation incurred 

during a stage is stochastic in nature as it depends on five factors, the operational mode (m), the state of 

the local environment (e), the number of required active systems (r), the numerical redundancy order 

number of the system under investigation (c) and the stage duration (t).  

 

The relationship between these five factors is described by a physical degradation model. A physical 

degradation model describe how the usage described by the operational mode and the local 

environmental factors influence the amount of degradation. In the case of a redundant system the 

expected degradation also depends on the number of required systems. This is because multiple 

systems are only required if the activities performed by an asset differ significantly from when a single 

system is required,  most likely resulting in a different degradation rates. Finally the stage duration 

describes over what period of time the degradation is incurred. When this time increases then the 

amount of degradation incurred during a stage also increases. A physical model will generate the set of 

possible degradation rates (X) that can occur for all possible combinations of the five factors. This set 

can be described by a discrete probability distribution represented by the following equation: 

 

∑∑∑𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) = 1

𝑋

𝑥=0

𝑅

𝑟=1

𝐸

𝑒=1

                    ∀c ∈ C and m ∈ M Equation 4-1 

 

Where  𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) represents the probability that a given amount of degradation x is incurred during 

stage t by a component with numerical redundancy order c if at the start of the stage the system is in 

operational mode m and the system is subject to environment e and the amount of required systems is 

r. All the probabilities of the possible combinations between x, e and r sum up to one. Both c and m are 

known at the start of the stage. 

 

The decision can be made to either keep or replace the component. This decision is effected by the 

expectation of whether or not the system will reach the failure threshold during the current stage. 

Reaching the failure threshold will result in corrective replacement costs and possibly downtime. 

Including the expectation of reaching the failure threshold in equation 4.1 results in the following 

equation: 

 

∑∑ ∑ 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥)

𝐹−𝑖−1

𝑥=0

𝑅

𝑟=1

𝐸

𝑒=1

+∑∑ ∑ 𝑝𝑚,𝑒,𝑟
𝑐

𝑋

𝑥=𝐹−𝑖

(𝑥)

𝑅

𝑟=1

𝐸

𝑒=1

= 1                      ∀c ∈ C and m ∈ M Equation 4-2 

 

The first term describes the probability that the component will not fail during a stage. In that case the 

amount of degradation should be less than the failure threshold minus the current amount of 

degradation. The second term describes the probability that the component will fail during a stage. 
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4.4 Condition based maintenance 
This section describes the condition based maintenance policies for both the single component model 

and the redundancy model. The objective of the condition based model is to determine the optimal 

replacement decisions at each stage depending on the condition of the component and the operational 

mode at the start of that stage. This means that replacements occur at random points in time depending 

on how to system develops over time. As discussed, the planning horizon is finite and ends with the 

major overhaul. Figure 4-1 shows an example.  

 

 
Table 4-1: Example block replacement policy 

 

4.4.1 Algorithm for condition based policies 
Dynamic programming models employ backward induction. At each stage the optimal decision is based 

on a recursion function. Before explaining the recursion functions, the algorithm to determine the 

optimal replacement policies is explained. As discussed in section 4.4.2, two state variables are used to 

describe the state of the system namely the degradation level and operational mode. The degradation 

level considered in is that of the components in the system with numerical order c. This means that the 

optimal policy can only be determined for components in one system at a time. Another option could be 

to keep track of the degradation levels of the components in all redundant systems at the same time. 

But as discussed in section 4.4.2 this would increase the number of state variables and subsequently 

increase computational time exponentially thereby making it, for most cases in practice, unfeasible to 

compute the algorithm suggested in this section. This poses a challenge in determining the optimal 

policies for the recursion functions of the redundancy SDPs. How this challenge is handled is discussed in 

section 4.4.3. The following algorithm is suggested to compute the optimal replacement policies for 

components in the system with numerical order c: 

a) 𝑆𝑒𝑡 𝑡 = 𝑁 + 1  and set recursion function 𝑓𝑁+1
𝑐 (𝑖,𝑚) = 𝑐𝑝(𝑚)  

b) 𝑆𝑒𝑡 𝑡 = 𝑡 − 1 and compute the recursion function 𝑓𝑡
𝑐(𝑖,𝑚) using either equation 4-4 for the 

single component scenario or equation 4-5 for the redundant scenario for all possible states. 

c) If t = 1 stop; otherwise return to step b 

 

In this algorithm N is the final stage before the end of the horizon. The outcome of this algorithm is the 

set of optimal decisions that should be made for each possible degradation and operational mode 

combination.  The total expected cost of this optimal policy depends on the starting state of the system 

under consideration but assuming that the asset starts in the first operational mode with no 

degradation the optimal policy cost is 𝐸(𝑐𝑜𝑠𝑡) = 𝑓1
𝑐(0,1). This algorithm can be implemented in 

software to solve the SDP. This is has been done in Microsoft Excel and is briefly discussed in section 4.6. 

The following sections will discuss the recursion functions required in the algorithm. 
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4.4.2 Single component recursion function 
This section will present the recursion function for the single component CBM policy. The presented 

equation is used as the foundation for the other SDPs. A recursion function returns the expected cost 

when the optimal decision is made during stage t and is denoted by 𝑓𝑡
𝑐(𝑖,𝑚) where i is the cumulative 

degradation and m is the operational mode. The developed equation takes into account the usage 

profiles discussed in chapter 3 and all characteristics of SDPs discussed in this chapter. The basic 

elements of the recursion function are shown by equation 4.3 (note that a complete list of all notations 

is presented in chapter V). 

 

𝑓𝑡
𝑐(𝑖,𝑚) = min

𝑎∈(0,1)
{∑ 𝑞𝑚(𝑛) ∙ (

|

|

𝑀

𝑛=1

𝐸𝐶0(𝑖,𝑚) + 𝐸𝐶1(𝑖,𝑚)
|
|
|
) Equation 4-3 

 

Equation 4.3 basically exists out of three elements. The first element is the summation ∑ 𝑞𝑚(𝑛)
𝑀
𝑛=1  and 

describes the probability distribution of the operational mode transitions. Here 𝑞𝑚(𝑛) is the probability 

that the system will be in operational mode n at the start of the next stage if at the start of the current 

stage the system is in operational mode m. The second and third element depend on the decision a that 

is made to either keep or replace the component (0 and 1 respectively). If the decision is made to keep 

the component then the last term in equation 4.3 will be zero. If the decision is made to replace the 

component then the first term will be zero. By computing the expected cost for both decisions the 

minimal expected cost can be determined which represents the optimal decision. If the decision is made 

to keep the component then the expected cost is described by:  

 

𝐸𝐶0(𝑖, 𝑚) = ∑ 𝑞𝑚(𝑛)

𝑀

𝑛=1

∙∑( ∑ 𝑝𝑚,𝑒
𝑐 (𝑥) ∙ 𝑓𝑡+1

𝑐 (𝑖 + 𝑥, 𝑛) + ∑ 𝑝𝑚,𝑒
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) + 𝑓𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥=𝐹−𝑖

𝐹−𝑖−1

𝑥=0

) 

𝐸

𝑒=1

 

 
       for all   c ∈ C, i ∈ I and m ∈ M  

 

The expected cost depends on whether or not the component fails. To put it in a different way, if the 

amount of degradation incurred is small enough so that the component does not reach the failure 

threshold during stage t then the component will not fail i.e. 𝑥 ≤ 𝐹 − 𝑖 − 1. The probability and 

corresponding expected cost are described by the first term ∑ |𝐹−𝑖−1
𝑥=0 , where 𝑝𝑚,𝑒

𝑐 (𝑥) is the probability 

that the degradation amount x is incurred during stage t, if the current operational mode is m and the 

environment is e. Note that the subscript r is dropped compared to equation 4.2, this is because in a 

single component model no redundancy exists and thus does not influence degradation rates. As no 

costs are incurred if the component does not fail, the only cost to consider is the future expected cost 

described by 𝑓𝑡+1
𝑐 (𝑖 + 𝑥, 𝑛). This is the cost if at the start of the next stage the optimal decision is made, 

the system is in operational mode n and starts with a degradation level of i+x.  

 

If the component does fail, the amount of degradation incurred will be large enough for the component 

to reach its failure threshold i.e. 𝑥 ≥ 𝐹 − 𝑖. The probability and corresponding expected cost are 
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described by the second term ∑ |𝑋
𝑥=𝐹−𝑖 . In this case, the cost that is incurred is the failure replacement 

cost 𝑐𝑓(𝑚) plus the cost of downtime 𝑐𝑑(𝑚) plus the expected future cost described by 𝑓𝑡+1
𝑐 (0, 𝑛). The 

component starts the next stage with 0 degradation as it is assumed that the component is replaced 

with an as-good-as-new component. Finally, the probabilities for degradation always need to sum up to 

one as shown in equation 4.2. Therefore the summation ∑  𝐸
𝑒=1 ensures that the probabilities for all 

possible environments are considered. Finally, if the decision is made to keep the component then the 

expected cost is described by:  

 

𝐸𝐶1(𝑖,𝑚) = ∑ 𝑞𝑚(𝑛)

𝑀

𝑛=1

∙ (𝑐𝑝(𝑚) + 𝑓𝑡+1
𝑐 (0, 𝑛))             for all   c ∈ C and m ∈ M  

 

The expected cost, when a replacement is performed, is simply the preventive maintenance cost 𝑐𝑝(𝑚) 

plus the expected future cost if the component starts the next stage with no degradation. All of the 

above results in the complete recursion function as shown by the following equation: 

 

 

Equation 4.4 can be used in the algorithm described in section 4.4.1. The equation determines the 

decision which results in the lowest expected costs. Applying the principle of optimality, this decision 

must be the optimal decision if at the start of the stage the state is 𝑖,𝑚. 

 

4.4.3 Redundancy recursion function 
The difference between redundancy and no redundancy is the probability of downtime. In the case of a 

redundant system, downtime will only occur if the number of required systems is smaller than the 

number of available systems. As discussed in section 4.3, redundancy is almost always used with a policy 

that dictates which systems to use in order to make sure that not all systems fail at the same time. This 

results in systems that have significantly different degradation levels. As the assumption is made that 

replacement times are negligible and the fact that significant differences exists between the degradation 

levels of the redundant systems it can be assumed that no two systems will fail at the same time. This 

assumption has two effects. One, it allows the optimal policies to be computed for each system without 

increasing the need for more state variables effectively minimizing the computational problems that 

might arise from applying the SDPs. Two, it means that downtime can only occur if the component fails 

and the number of required systems is equal to the total number of redundant systems i.e. r=R. 

Furthermore, as in the single component case, the downtime cost can only occur if the decision is made 

to keep the component. Therefore adding redundancy only results in a change in the equation of the 

𝑓𝑡
𝑐(𝑖,𝑚) = min

𝑎∈(0,1)
{∑𝑞𝑚(𝑛) ∙ ((1 − 𝑎) ∙∑( ∑ 𝑝𝑚,𝑒

𝑐 (𝑥) ∙ 𝑓𝑡+1
𝑐 (𝑖 + 𝑥, 𝑛)

𝐹−𝑖−1

𝑥=0

 

𝐸

𝑒=1

𝑀

𝑛=1

 

Equation 4-4 
 

+ ∑ 𝑝𝑚,𝑒
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) + 𝑓𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥=𝐹−𝑖

) + 𝑎 ∙ (𝑐𝑝(𝑚) + 𝑓𝑡+1
𝑐 (0, 𝑛)))} 
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expected cost when the decision is made to keep the component. The equation for the expected cost in 

the case of a redundant system is as follows. 

𝐸𝐶0(𝑖, 𝑚) = (1 − 𝑎) ∙∑(

|
|
|
∑[ ∑ 𝑝𝑚,𝑒,𝑟

𝑐 (𝑥) ∙ 𝑓𝑡+1
𝑐 (𝑖 + 𝑥, 𝑛)

𝐹−𝑖−1

𝑥=0

𝑅

𝑟=𝑐

𝐸

𝑒=1

 

+ ∑ 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) ∙ ⌊

𝑟

𝑅
⌋ + 𝑓𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥=𝐹−𝑖

] +∑∑𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) ∙ 𝑓𝑡+1

𝑐 (𝑖, 𝑛)

𝑋

𝑥=0

𝑐−1

𝑟=1

) 

 
for all   c ∈ C, i ∈ I and m ∈ M 
 

Three main differences exist. First, redundancy is now included in the degradation probability 

distribution 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥). As a result, the summation ∑ |𝑅

𝑟=𝑐 is included to ensure that the probability 

distribution sums up to one. The second difference is that the downtime cost now is only incurred if the 

component fails and the amount of required systems r is equal to the total number of redundant 

systems R. This is accomplished by the fraction ⌊
𝑟

𝑅
⌋. This fraction will take a value of one if the number of 

required systems is equal to the number of available systems and takes a value of zero otherwise. The 

third difference is the addition of a third term represented by the summations ∑ ∑ |𝑋
𝑥=0

𝑐−1
𝑟=1 . This term 

adds the expected future cost if no degradation is incurred during the current stage. This applies to all 

components that have a numerical redundancy order bigger than one. Applying the adjusted cost 

equation results in the complete recursion function for redundant systems as shown by the following 

equation: 

 

Equation 4.5 can be used in the algorithm described in section 4.4.1. The equation determines the 

decision which results in the lowest expected costs. Applying the principle of optimality, this decision 

must be the optimal decision if at the start of the stage the state is 𝑖,𝑚. 

 

  

𝑓𝑡
𝑐(𝑖,𝑚) = min

𝑎∈(0,1)
{∑𝑞𝑚(𝑛) ∙ (

|
|
|
|(

 (1 − 𝑎) ∙∑(

|
|
|
∑[ ∑ 𝑝𝑚,𝑒,𝑟

𝑐 (𝑥) ∙ 𝑓𝑡+1
𝑐 (𝑖 + 𝑥, 𝑛)

𝐹−𝑖−1

𝑥=0

𝑅

𝑟=𝑐

𝐸

𝑒=1

 

𝑀

𝑛=1

 

Equation 4-5 
 

+ ∑ 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) ∙ ⌊

𝑟

𝑅
⌋ + 𝑓𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥=𝐹−𝑖

] 

 

+∑∑𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) ∙ 𝑓𝑡+1

𝑐 (𝑖, 𝑛)

𝑋

𝑥=0

𝑐−1

𝑟=1

)

|

|
|

) + 𝑎 ∙ (𝑐𝑝(𝑚) + 𝑓𝑡+1
𝑐 (0, 𝑛)) 

|

|
|

)
|
|
|

} 
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4.5 Time based maintenance 
This section describes the time based maintenance policies for both the single component model and 

the redundancy model. Different strategies can be employed in time based maintenance. The strategy 

considered in this thesis is the block replacement policy. In this type of policy, components are replaced 

at a fixed time intervals T and if a component fails in between this interval corrective maintenance is 

performed. An example of this policy is shown in figure 4-2. As discussed a finite planning horizon is 

considered. At the end of this planning horizon is the major overhaul. The objective of the TBM models 

is to determine the optimal replacement interval over the planning horizon.  

 

 
 

Figure 

 

 4-1: Example block replacement policy 

 

The block replacement policy is suitable as many components appear multiple times in the same system 

and replacing them could require some serious effort and therefore cost. If the replacement times are 

adjusted for each individual component then one could end up with many different replacements 

intervals instead of a single replacement interval. In practice this means that the set-up cost is incurred 

for every individual replacement which would be inefficient and costly.  A downside of time based 

maintenance is that because replacements are performed at fixed times, the replacement can occur in 

any of the operational modes. In practice of a replacement is planned during an expensive operational 

mode one might consider to delay the replacement until a cheaper operational mode arrives. A delay 

model is suggested as an extension in section 9.1.1 but in this chapter it is assumed that the 

replacements are performed in the operational mode that the system happens to be in. This assumption 

does not necessarily mean that the developed TBM models are not optimal. If the replacement cost is 

the same for all operational modes then they do determine the optimal policies. Before discussing the 

algorithm, the recursion functions are discussed.  

 

4.5.1 Single component recursion function 
The recursion function shown in equation 4-3 needs to be adjusted to fit the TBM policies. The main 

adjustment is that the recursion functions of the TBM policies have no decision variable. The only option 

is to keep the component until the end of the replacement interval T. The optimal value for the decision 

variable T follows from the algorithm discussed in section 4.5.3. The expected cost during stage t can be 

described by the following equation:   

 

𝑔𝑡
𝑐(𝑖,𝑚) = {𝐸𝐶(𝑖,𝑚)} Equation 4-6 
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The expected cost if the component is kept during stage t is described by: 

𝐸𝐶(𝑖,𝑚) = ∑𝑞𝑚(𝑛) ∙

𝑀

𝑛=1

∑( ∑ 𝑝𝑚,𝑒
𝑐 (𝑥) ∙ 𝑔𝑡+1

𝑐 (𝑖 + 𝑥, 𝑛) + ∑ 𝑝𝑚,𝑒
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) + 𝑔𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥=𝐹−𝑖

𝐹−𝑖−1

𝑥=0

) 

𝐸

𝑒=1

 

   for all   c ∈ C, i ∈ I and m ∈ M  
 

Basically the same recursion function can be used as in the single component CBM case but the decision 

to replace preventively is removed. The resulting equation for the time based single component model 

is given by equation 4-7. 

𝑔𝑡
𝑐(𝑖,𝑚) = {∑𝑞𝑚(𝑛) ∙∑(

|
|
|
∑ 𝑝𝑚,𝑒

𝑐 (𝑥) ∙ 𝑔𝑡+1
𝑐 (𝑖 + 𝑥, 𝑛)

𝑋

𝑥<𝐹−𝑖

𝐸

𝑒=1

𝑀

𝑛=1

 

Equation 4-7 
 

+ ∑ 𝑝𝑚,𝑒
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) + 𝑔𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥≥𝐹−𝑖

|
|
|
)} 

As can be seen, no decision can be made during each stage. Rather the expected cost during each stage 

is just the result of whether or not the component fails.  

 

4.5.2 Redundancy recursion function 
As in the single component case, equation 4-3 needs to be adjusted to fit a TBM policy. Again the only 

difference is that no decisions can be made during each stage which means that equation 4-8 also 

applies to the redundant TBM policy. The difference compared to the single component model is in the 

expected cost during a stage. This expected cost is described by the following equation: 

 

𝐸𝐶(𝑖,𝑚) = ∑(

|
|
|
∑[ ∑ 𝑝𝑚,𝑒,𝑟

𝑐 (𝑥) ∙ 𝑔𝑡+1
𝑐 (𝑖 + 𝑥, 𝑛)

𝐹−𝑖−1

𝑥=0

𝑅

𝑟=𝑐

𝐸

𝑒=1

 

+ ∑ 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) ∙ ⌊

𝑟

𝑅
⌋ + 𝑔𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥=𝐹−𝑖

] +∑∑𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) ∙ 𝑔𝑡+1

𝑐 (𝑖, 𝑛)

𝑋

𝑥=0

𝑐−1

𝑟=1

) 

 
for all   c ∈ C, i ∈ I and m ∈ M 
 

Basically the same recursion function can be used as in the redundant CBM case but the decision to 

replace preventively is removed. The resulting equation is given by equation 4-8. 

𝑔𝑡
𝑐(𝑖,𝑚) = {∑𝑞𝑚(𝑛) ∙ (∑(

|
|
|
∑[ ∑ 𝑝𝑚,𝑒,𝑟

𝑐 (𝑥) ∙ 𝑔𝑡+1
𝑐 (𝑖 + 𝑥, 𝑛)

𝐹−𝑖−1

𝑥=0

𝑅

𝑟=𝑐

𝐸

𝑒=1

 

𝑀

𝑛=1

 

Equation 4-8 
 

+ ∑ 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥) ∙ (𝑐𝑓(𝑚) + 𝑐𝑑(𝑚) ∙ ⌊

𝑟

𝑅
⌋ + 𝑔𝑡+1

𝑐 (0, 𝑛))

𝑋

𝑥=𝐹−𝑖

] 

 
+∑∑𝑝𝑚,𝑒,𝑟

𝑐 (𝑥) ∙ 𝑔𝑡+1
𝑐 (𝑖, 𝑛)

𝑋

𝑥=0

𝑐−1

𝑟=1

)} 
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4.5.3 Algorithm 
A more complex algorithm is required to determine the expected policy cost then in the case of CBM. In 

the algorithm for the condition based models, the optimal decision is either to keep or replace and this 

decision is made at each stage. This is not the case for the time based models. The decision variable for 

the TBM policies is the replacement interval T. Because a block replacement policy is used this interval T 

is a fixed interval. The optimal replacement interval is the replacement interval that results in the lowest 

expected cost. The algorithm presented in this section determines the expected policy costs for all 

possible values of T. The policy with the lowest expected cost is the optimal policy i.e. is the optimal 

replacement interval. In order to make clear what the algorithm does, first the logic is explained. By 

means of a recursion function the expected replacement cost for each interval can be determined. In 

order to keep the computational time to a minimum all expected costs for each replacement interval 

can be computed by means of backward induction in one run. As in the case for the CBM policies the 

expected cost is calculated for all stages (1 to N+1). The main difference is that two recursion functions 

must be calculated simultaneously; 𝑔𝑁+1
𝑐 (𝑖,𝑚) and 𝑔𝑁+1

𝑐′ (𝑖,𝑚) where the difference is that in the case 

of 𝑔𝑁+1
𝑐 (𝑖,𝑚) it is not known in what operational mode the replacement is performed whereas 

𝑔𝑁+1
𝑐′ (𝑖,𝑚) represents the replacement at the end of the planning horizon and thus it is known in which 

operational mode the replacement is made. This distinction must be made because the replacement 

costs could be different between operational modes. Now the expected policy cost for a specific interval 

can be described by   𝑔𝜔
𝑐 (0,1), where 𝜔 = 𝑁 + 2 − 𝑇. Due to backward induction, the expected cost of 

a replacement cost over an interval is also backward which is represented by 𝜔. To clarify, consider an 

example where the planning horizon N is 3 days and that the end-of-life occurs on day N+1. Then by 

means of backward induction the costs for each stage is calculated and subsequently the expected cost 

for each replacement interval as shown in table 4-1. 

 
Table 4-1: Example block replacement policy 

Interval 
[T] 

Expected cost 
𝒈𝝎=𝑵+𝟐−𝑻
𝒄 (𝟎,𝒏) 

1 𝑔4=3+2−1
𝑐 (0, 𝑛) 

2 𝑔3=3+2−2
𝑐 (0, 𝑛) 

3 𝑔2=3+2−3
𝑐 (0, 𝑛) 

4 𝑔1=3+2−4
𝑐 (0, 𝑛) 

 

Now reconsidering the replacement policy shown in figure 4-2 these expected costs can then be used to 

compute the expected policy cost for a given T as shown in figure 4-3. 

 

 
Figure 4-3: Example block replacement policy 
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Basically figure 4-3 shows three different required elements. The state of the system is known at the 

start of the planning horizon resulting in the first element 𝑔𝜔
𝑐 (0,1), which represents the expected 

policy cost if at the start of the planning horizon the system is in state 1, this includes the replacement at 

the end of T. Then three intermediate preventive replacements are performed. As discussed at the start 

of section 4.5, the replacements are performed in the operational mode that the system happens to be 

in. This results in the second element  𝑔𝜔
𝑐 (0, 𝑛) which represents the expected cost if the system starts 

in operational mode n. The third element is the expected cost for the replacement performed after the 

planning horizon represented by 𝑔
⌊
𝑁

𝑇
⌋∙𝑇+1

𝑐′ (0, 𝑛). The subscript ⌊
𝑁

𝑇
⌋ describes the number of replacements 

before the major overhaul and ⌊
𝑁

𝑇
⌋ ∙ 𝑇 + 1 describes the corresponding stage that represents the final 

replacement interval. If figure 4.3 is formulated in mathematical terms then the expected policy costs 

for a given replacement interval T can be described by the following equation: 

 

𝐸𝐶(𝑇) = 𝑔𝑁+2−𝑇
𝑐 (0,1)  + ∑ (∑𝑤(𝑚(𝑣∙𝑇)+1 = 𝑛|𝑚1 = 1) ∙ 𝑔𝑁+2−𝑇

𝑐 (0, 𝑛) 

𝑀

𝑛=1

)

⌊
𝑁
𝑇
⌋−1

𝑣=1

  

Equation 4-9 

 
+∑𝑤(𝑚

⌊
𝑁
𝑇
⌋∙𝑇+1

= 𝑛|𝑚1 = 1) ∙

𝑀

𝑛=1

𝑔
⌊
𝑁
𝑇
⌋∙𝑇+1

𝑐′ (0, 𝑛) 

 

The first term describes the expected cost if at stage one the system starts in the known state with no 

degradation. The second term determines the expected costs of the intermediate replacements, where 

v is the counter of the replacements and ⌊
𝑁

𝑇
⌋ − 1 describes the number of intermediate replacements 

and 𝑤(𝑚(𝑣∙𝑇)+1 = 𝑛|𝑚1 = 1) describes the probability of the vessel being in operational mode n at 

stage (𝑣 ∙ 𝑇) + 1 given that at the start of the planning horizon the vessel is in the known state (state 1). 

Appendix B shows the equation and algorithm that determines the w(.|.) probabilities. Finally in the 

case that the replacement time equals N+1 than this means no replacement is made during the planning 

horizon and the replacement is made in a known operational mode. In that case the expected cost is 

described by: 

 

The proposed algorithm exists out of two parts. The first part is to compute the expected costs for all 

possible replacement intervals considering only a single replacement is performed. The second part 

determines the expected policy costs for each possible replacement interval. The following algorithm is 

proposed: 

1a) 𝑆𝑒𝑡 𝑡 = 𝑁 + 1  , 𝑔𝑁+1
𝑐 (𝑖,𝑚) = 𝑐𝑝(𝑚) and 𝑔𝑁+1

𝑐′ (𝑖, 1) = 𝑐𝑝(1) 

1b) 𝑆𝑒𝑡 𝑡 = 𝑡 − 1 and compute 𝑔𝑡
𝑐(𝑖,𝑚) and 𝑔𝑡

𝑐′(𝑖,𝑚) using either equation 4-7 or Equation 4-8   for 

all possible states 

1c) If t = 1 proceed to step 2a; otherwise return to step 1b 

 

𝐸𝐶(𝑁 + 1) = 𝑔1
𝑐′(0,1)   Equation 4-10 
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2a) Compute all  𝑤(𝑚𝑡 = 𝑛|𝑚1 = 𝑚) using the algorithm in Appendix B 

2b) Set t = N+1 

2c) Set t = t-1 and determine the expected policy cost if the replacement interval would be   

  𝑇 = 𝑁 + 1 − 𝑡  by using equation 4-9 or equation 4-10. 

2d) If t = 0 proceed to step 2e; otherwise return to step 2c 

 

The outcome of this algorithm is the set of all expected policy costs for each replacement interval. The 

optimal policy can easily be determined by choosing the replacement interval that returns to smallest 

expected cost. This algorithm can be implemented in software to solve the SDP. This is has been done in 

Microsoft Excel and is briefly discussed in section 4.6. 

 

4.6 Tool 
A tool is developed in order to allow FMS and other MaSeLMa partners to use the models developed in 

this project. A detailed explanation of the tool is given in the Microsoft Excel File itself. But as it is a 

deliverable of this project it is briefly discussed here. The developed models are implemented in 

Microsoft Excel by means of visual basic for applications (VBA) coding. A simple interface (figure 4-4) has 

been developed to make the usage of the tool user friendly. In the user interface the user can select 

which of the models need to be computed. The information required to compute the models can be 

entered in input, an example of a filled in input sheet is shown in Appendix I. Finally, Results provides an 

overview of expected cost of the optimal policies and allows for comparison of the policies. An example 

of Results is given in Appendix C. This tool is used to perform the case studies and the sensitivity 

analyses discussed in the next chapters. 

 

 
Figure 4-4: Interface of the Microsoft Excel tool 

 

  



   Page 26 
 

5. Case studies 
This chapter first presents the vessel chosen for the case studies, the Fugro Galaxy, and how the usage 

profiles have been deducted for this vessel. Then two case studies are presented in which the models 

developed in the previous chapter are applied. The first case discusses a component that has failed 

unexpectedly, the centrifugal cooling fan for the frequency convertor, which is very unusual given the 

conservative maintenance policies in place at FMS. Unexpected failures for this component result into 

downtime immediately as this component is not redundant. Only the single component models have 

been applied to this case. The second case is that of the cylinder liners. This component has not 

experienced unexpected failures but is currently the main component under investigation in the 

MaSeLMa project. This component is redundant and therefore all models developed in the previous 

chapter have been applied to the second case.  

 

5.1 Fugro Galaxy 
This project focuses on the Fugro Standard Survey Vessels (FSSV) which have a length of 65 meters and 

can be classified as dynamic positioning vessels. These vessels are designed to perform analogue/digital 

operations, AUV operations, geotechnical duties and remote operated vehicle duties. The DEP system of 

the FSSVs has three diesel generators. FMS manages four of these types of vessels of which the dataset 

of the Fugro Galaxy (figure 5-1) has been analyzed. The data that can be used to determine the 

operational modes of the Fugro Galaxy are the daily reports. These are vessel specific daily reports 

containing daily information such as the activities during that day and the next port the vessel is going to 

visit. These reports can be analyzed to identify in which environment the Fugro Galaxy operates and the 

duration that the vessel stays in these operational modes. In other words, the daily reports can be used 

to extract the operational modes and the environmental conditions necessary for the usage profiles 

presented in section 3.1. The other information that is required is regarding redundancy usage and how 

degradation occurs. This information is component specific and will be discussed for each case study 

separately.  

 

 
Figure 5-1: Fugro Galaxy  
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The daily reports show the amount of time a vessel has spent performing a “specific movement”, which 

boils down to four possible movements, stay in the harbor, sail to location, perform operations or wait 

for weather. The Fugro Galaxy usually operates relatively near the shore. When bad weather appears, 

like storms, the vessel will sail into e.g. a nearby bay to wait out the bad weather. The transit times are 

usually very low and are therefore not reported in the daily reports. Basically what waiting for weather 

means is that the vessel goes to a harbor like operational mode and shall therefore be considered as the 

harbor mode. The resulting operational modes for the Fugro Galaxy are shown in figure 5-2.  

 
Figure 5-2: Operational modes Fugro Galaxy 

 

A complete data set from 2012 to 2014 has been analyzed. VBA coding is used to extract the operational 

modes, their duration and the next port from all the daily reports and put into one database. An extract 

of the resulting database is shown in Appendix E. The environment in which the Fugro Galaxy operates 

can also be determined. From the port destinations it can be deducted in which geographical locations 

the Fugro Galaxy is active. All port destinations show that the Fugro Galaxy only operates in the North 

Sea region, meaning that when the operational modes refer to harbor, transit and operations these are 

always in the North Sea. Environmental conditions can be deducted from external databases to 

determine average temperatures, humidity and so on, and relate these to the dates in the database. The 

physical models developed in the MaSeLMa project thus far do not include environmental factors in the 

determination of degradation. As the exercise to access external databases and relating them to the 

correct dates will take some serious effort and taking into account that this data is not useful at this 

point, these data are not collected. One parameter that needs to be defined for the DPs is the length of 

a stage. The smaller this length is, the more computational time is required to run the SDPs. Taking into 

account the average time spend in an operational mode, a stage length of 1day i.e. 24 hours is taken to 

as the stage length. The usage profiles require the transition probabilities between the operational 

modes. This data is also derived from the daily report database by sequencing the operational modes in 

24 hour observations as shown in table 5-1. From this the transition matrix is derived by counting the 

number of times a transition took place compared to the total number of transitions from a certain 

operational mode, the results are shown in table 5-2. 

Table 5-1: Example sequencing

 

 
 
 

Table 5-2: Transition matrix for stages of 1day 

 

Harbor Transit 

Operation 
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5.2 Centrifugal cooling fan 
One component that has failed unexpectedly is the centrifugal cooling fan for the frequency convertor. 
This component is part of the DEP system but is not part of the diesel generators. Appendix A shows the 
DEP system and as can be seen the frequency convertors are located near the thrusters. Note that the 
DEP system can also include a bow thruster, as in the case of FMS. The frequency convertors are 
responsible for transforming the generated electric power by the diesel generators to the correct 
frequencies so that the electric power can be used by the thrusters. The frequency convertors generate 
heat as a consequence of this process and therefore need to be cooled down. This is accomplished by 
means of centrifugal cooling fans. The breakdown of such a cooling fan results in heating of the 
frequency convertor and can lead to a fire if it is not detected by the security system.  During this master 
thesis project the vessel under investigation, the Fugro Galaxy, experienced a failure of the cooling fan. 
An emergency delivery had to be made. Fugro allowed the author to deliver the cooling fan to the 
vessel. Figure 5-3 shows the failed cooling fan.  

 
Figure 5-3: Centrifugal cooling fan 

 
Appendix F shows the technical drawings of both the entire cooling fan (figure f-1) and the electrical 
motor (figure f-2). The mechanical failure itself was that the cooling fan could not rotate correctly 
anymore. The exact reason for this failure has not been determined but as the drawings in appendix F 
show, the cooling fan basically exists out of two components, the electrical motor and the impellers. 
Only the electrical motor can be responsible for a failure concerning rotation. It is suspected that a 
breakdown of the bearing has occurred. According to the manufacturers data sheet “The service life of 
the bearing system depends mainly on the thermal load on the bearing. The service life L10 of the ball 
bearings can be taken as approx. 40.000 operating hours at an ambient temperature of 40 °C, yet this 
estimate can vary according to the actual ambient conditions.” The L10 service is the time at which 10% 
of the bearings can be expected to have failed. The L10 service life is an industry standard determined in 
the ISO 281:2007 standard. The failure at the Fugro Galaxy was after 4300 operating hours and the 
Fugro Searcher has reported failures at 2000 and 3000 operating hours. No possible explanation is given 
by the manufacturer for these failures but as stated by Harris & Barnsby (2001) the actual service lives of 
bearings in practice is substantially shorter than the L10 predicted service lives. This is due to the fact 
that the L10 service life equation does not include all variables that influence the service life of a 
bearing. Therefore a better equation is proposed, equation 5-1, for predicting the service life of 
bearings. 
 

𝐿𝑛𝑎 = 𝑎1 ∙ 𝑎2 ∙ 𝑎3 ∙ (
𝐶

𝑃
)
𝑝

 Equation 5-1 

 
Where 𝐿𝑛𝑎  the adjusted is bearing service life, 𝑎1 is the life adjustment factor for the required reliability 
level, 𝑎2 is the life adjustment factor for the material properties of the bearing and 𝑎3 is the life 
adjustment factor for the operating conditions. FMS has no information available regarding the 
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materials used in the bearing of the cooling fan. Furthermore no useful information regarding operating 
conditions is recorded by FMS. The information that is available the operating hours of the cooling fans.  
The SDPs developed in chapter 4 require a failure threshold and the degradation suffered by the system 
that leads to this failure threshold. This degradation is usually described by a physical degradation model 
but in this case the operating hours are being considered as the condition indicator for the cooling fan. 
The development towards the failure threshold is described by the 𝑝𝑚,𝑒,𝑟

𝑐 (𝑥) probabilities. In this case 
the fans are only used if the bow thruster is used. No detailed information is available regarding the 
usage of the bow thrusters. Expert opinion estimate that 95% of the total time a bow thruster is used, it 
will be during operations. The remaining 5% the bow thruster is used is in the harbor. In transit the bow 
thruster is not used at all. From the STAR information system the dates at which the cooling fans failed 
can be gained. As it is known when the fans have been installed in the ship the period over which the 
fans are used can be determined. The expected times that the bow thruster is used can be determined 
by relating the usage profile to these periods. As discussed in the previous section a single environment 
has been identified. Applying equation 5-2 in the following degradation probabilities: 
 
𝑝1,1
𝑐 (0,49) = 1 

𝑝2,1
𝑐 (0,00) = 1 

𝑝3,1
𝑐 (8,52) = 1 

 
The transition matrix presented in the previous section is used to describe the operational mode 

transitions for the system. Finally the replacement cost and downtime cost need to be determined. The 

replacement costs exist out of material costs and crewing cost. To clarify, the frequency convertors 

aboard the Fugro Galaxy contain four cooling fans which are not redundant. Furthermore, it turns out 

that an unexpected failure replacement takes approximately 4 hours, whereas an expected replacement 

is expected to take approximately 1 hour. The costs have been normalized for this report. For the 

downtime cost two different scenarios should be analyzed, the scenario in which no spare parts are kept 

aboard the vessel and the scenario in which spare parts are in stock. The main difference will be in the 

downtime cost. In the case of no spare part, when a cooling fan fails an emergency shipment needs to 

be made to the vessel this results, which results in cost, and a penalty is incurred for delay in the 

operations. For this particular component the total downtime (including emergency shipment and 

replacement time) is approximately one day. If the costs for crewing and emergency shipment are 

included the total cost of a failure is estimated to be €10.000 (note that this number is normalized) 

irrespective of the operational mode. In the scenario where a spare part is kept on board, the 

component only needs to be replaced which takes 4 hours resulting in €1250 of downtime cost, which 

only occurs in operations. All costs are shown in table 5-3. 

 
Table 5-3: Transition matrix for stages of 1day (normalized) 

 Corrective 
replacement cost 

Preventive 
replacement cost 

Downtime cost no 
spare part in stock 

Downtime spare 
part in stock 

Harbor  1.000  925  10.000  0 

Transit  1.000  925  10.000  0 

Operations  1.000  925  10.000 1.250 
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The value taken for the failure threshold is the lowest observed failure value, which is 2000 operating 

hours. Finally the major overhaul is planned at 30.000 operating hours which corresponds to 1250 

stages. All parameters are put in the input sheet of the developed tool and both the single component 

model and the redundancy model have been run. Furthermore the models are also used to determine 

the expected cost if the current policy is employed. The current policy is that replacements are only 

made during the major overhaul. Two scenarios are considered, either a spare part is kept onboard or 

no spare part is kept onboard. The difference is in downtime cost as shown in table 5-3. When the 

consideration is made to keep a spare part in stock, then additional holding costs are incurred. As is it is 

assumed that a spare part will be kept in stock for the entire planning horizon, the additional holding 

costs can be calculated by considering a percentage of the component cost to be incurred yearly. For 

this thesis the assumption is made that this percentage is 15% of the cost of the component cost. The 

resulting costs for all policies are shown in table 5-4. 
 

Table 5-4: Result cooling fan case 

 

The first observation that can be immediately made is the effect of whether or not a spare part is kept 

on board. Having spare parts in stock results in much lower expected costs then not having spare parts 

in stock. A decrease of 66% in total expected cost can be gained by keeping a spare part in stock. The 

main reason for this difference is that the probability of downtime is very high when no replacement is 

made during the planning horizon. Secondly, the optimal TBM replacement policy is roughly twice as 

cheap compared to the current policy with a spare part in stock. This result shows that for this particular 

component it is beneficial to apply the developed models to. Finally, the optimal CBM maintenance 

policy outperforms the optimal TBM policy by resulting in 1,5% less expected cost. For this component 

the condition indicator is the hours that the system has been used. This condition indicator is currently 

being measured already, meaning that no additional investments, in terms of equipment, would have to 

be made to implement this optimal CBM policy. However, the replacement thresholds for the CBM 

policy (appendix G) are not fixed. Implementing the optimal replacement threshold policy might take 

some effort and as the potential gain is very small the optimal time based policy is the best option. As a 

final note a post-doc, dr. A.S. Eruguz, has also programmed the CBM policy discussed in this section and 

came to the same results has the one discussed in this section i.e. verifying the CBM policy calculation in 

the excel tool. 

 

 

 

  

Policy Replacement 
interval 

Expected policy cost 
(normalized) 

Current TBM no spare part on board Major overhaul only 100 

Current TBM spare part on board Major overhaul only 34 

Optimal TBM, spare part on board when needed 417 Days 12,3 

Optimal CBM, spare part on board when needed N.A. 12,1 
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5.3 Cylinder liner 
The component under investigation in the MaSeLMa project is the cylinder liner. The cylinder liners are 

part of the diesel engine. Figure 5-4 shows some of the main components of a diesel engine including 

the cylinder liner. The liner serves as the inner wall of a cylinder and is the sliding surface for the piston 

rings. A damaged liner could result in blow by and high oil consumption. Once a cylinder liner fails it 

should be replaced as it will lead to more damaged parts within the diesel engine resulting in more 

maintenance costs. The engines in the Fugro Galaxy have 12 cylinders and thus 12 cylinder liners. Figure 

5-5 shows a picture of an actual diesel engine in the Fugro Galaxy. 

 

             
              Figure 5–4: Cylinder liner in a diesel engine                           Figure 5–5: The actual engine of the Fugro Galaxy 

          (waterdecontamination.tp, accessed 20-09-2015) 

 

Currently Amoiralis (2015) is developing a physical model to predict cylinder liner wear. The basis of the 

developed model is Archard’s Law which predicts sliding wear when two surfaces slide over each other. 

During this project the developed model did not yet include the effects of low load operation or any 

environmental factors. Therefore the usage profiles discussed in section 5.1 can be used. The results of 

the model developed by Amoiralis (2015) is shown in figure 5-6. The graph below describes the amount 

of degradation (y-axis) against different loads (x-axis) when the system is run for 24 hours.  

 

 
              Figure 5–6: Predicted liner wear related to the load  
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5.3.1 Determining engine load 
In order to use the model developed by Amoiralis (2015) the redundancy usage and load of the diesel 

engines need to be determined. This thesis will not go into detail of the workings of a diesel engine but 

will give a general overview of the required knowledge to determine the load on engines. Load in this 

case can be defined as the level of force required to generate the required mechanical energy. The 

mechanical energy generated by the engine is called torque (Tq). Torque is generated by ignition of 

diesel which drives the crankshaft. In most engines there is no equipment that determines the torque in 

the system. Therefore a different method must be used to determine torque. Fortunately every diesel 

generator keeps track of the amount of electrical power it generates. These records can be used to 

determine the torque in the diesel engine by determining the relationship between torque and the 

electrical power produced.  

 

Some engineering knowledge is required to understand this relationship. The electrical power measured 

is the output of the generator and is called active power (P) and is measured in Watts (W). Due to 

energy loses in the electrical system (e.g. due to heating of the wires) more power is required then just 

the useful output. These loses can be taken into account by measuring apparent power (S) which is the 

voltage on an alternating current (AC) system multiplied by all the currents flowing into the system and 

is measured in volt-amperes (VA). Finally the power factor (PF) is the ratio between the active power 

and the apparent power that is supplied to the circuit. This relationship is described by equation 3.1 

 

Every diesel generator has a specification sheet that provides each of these variables. For the FSSV’s a 

single engine can produce a total power of 1190 kW if fully loaded, due to small losses this results in 

1138 kVA apparent power in the generator. The power factor of this generator is 0,8. If equation 5-2 is 

applied this means that the total power that can be generated by one diesel generator is 910,4 kW as 

show in figure 5-7. 

 

 
Figure 5–7: Power generated by a single FSSV diesel generator  

 

The question remains of the relationship between the torque generated by the engine and the electrical 

power output. Section 2.1.1 states the electrical power is the result of magnetic induction that occurs 

due to rotation of a rotor that contains conductive materials in a magnetic field. There are two ways to 

increase the electrical output, either by increasing the rotational speed of the shaft or by increasing the 

magnetic field. Most diesel generators operate at a constant speed (𝜔), as is the case for FMS, and an 

increase in electric power is caused by an increase in the strength of the magnetic field. A stronger 

magnetic field increases the torque required on the engine shaft to maintain the same rotational speed. 

Usually torque is described in Newton meters (Nm) and can be converted to kW trough equation 5-3.  

𝑃 = 𝑆 ∙ 𝑃𝐹  Equation 5-2 

𝑇𝑞 =
𝑃 ∙ 60 ∙ 1000

2𝜋 ∙ 𝜔
 Equation 5-3 
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As the rotational speed (𝜔) is kept constant the conversion from torque to kW is linear. Both equations 

5-2 and 5-3 infer a linear relationship which implies that an increase in the generated active power 

results in a linear increase in the torque experienced by the engine.  

 

5.3.2 Low load vs high load 
As discussed by Xin (2011) higher engine load results in an increase in stresses (e.g. thermal or friction) 

which in turn result in an increase in wear. A common belief exists that running Diesel engine driven 

(DED) generators at low loads results in additional maintenance requirements and engine damage. 

Many physical models relate load to the amount of wear produced (e.g. Archard’s wear equation) but 

these models do not include additional wear due to low load effects. This section gives an overview of 

the current literature on the relationship between low load and additional degradation. 

 

Surosky (1984) investigated the effects of low load operation. He concludes that no additional damage is 

incurred from low load operations directly. He does however state that carbonization occurs. The two 

main results of carbonization are the development of carbon built-up in the cylinder heads and the soot. 

Carbon built-up can be eliminated by running the engines on high loads for a period of time (load 

banking). This is in line with what manufacturer’s advice for diesel engines used at low loads. Soot 

however contaminates the lubrication oil. One main conclusion is that the only possible additional 

degradation occurs, if load banking is applied, because of possible excessive oil contamination. Soothing 

of the lubrication oil leads to increased wear because soot contamination of lubrication oil increases its 

viscosity and causes pumping problems. This means that the walls of the combustion chamber fail to get 

evenly coated with oil which leads to increased wear. Generally five major wear mechanisms occur; 

abrasion, adhesion, fatigue, corrosion and lubricant breakdown. For all these forms of wear, lubricant 

contamination is a predominant driver (George, Balla, & Gautam, 2007). As Adnanes (2003) explains all 

diesel engines are designed to run at an optimal operating load which usually lies between a load of 60% 

and 100%. Deviating from the optimal operating load results in inefficient combustion with a high 

degree of soothing which increases the need for maintenance. This means that both low and high loads 

result in additional soothing suggesting a “bathtub curve” relationship between load and additional soot 

contamination.  

 

Tufte (2014) investigated the impact of low load operation on problem findings with components of DED 

generators. He compared dynamic positioning vessels (DPVs)  to non-DPVs  from the Det Norske Veritas 

(DNV) database which contains nearly 16 500 main DED generators (Tufte, 2014). DPVs are assumed to 

run at lower loads on average than non-DPVs. This assumption makes sense as DPVs need to move 

slowly when they are performing operations which is not the case for NON-DPVs. His analysis shows that 

DPVs have significantly more problem findings compared to non-DPVs; somewhere around 40% more 

problem findings were registered compared to non-DPVs. Furthermore he also differentiated between 

the installation years of the DED generators, assuming that due to exhaust gas regulations more carbon 

will built up in the engine. This assumption is met as tighter exhaust gas regulations results in the use 

Exhaust Gas Recirculation (EGR) technology. An EGR system reuses the exhaust gases in the combustion 

chamber. As exhaust gases have higher levels of carbon than fresh air, additional carbon in introduced in 
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the combustion chamber resulting in higher carbon built up (George et al., 2007). This analysis showed 

that indeed older vessels report less problem findings then newer vessels (somewhere between three to 

four times less). These findings could suggest that an increase in carbon built up results in an increase of 

problem findings.  

 

Most literature shows that the main effect of running engines on low loads results in additional oil 

contamination in terms of soot contamination but also fuel contamination. Fuel contamination affects 

the oils viscosity which in turn increases contact friction which, when it passes a certain threshold, will 

lead to increased degradation.  Soot formation in oil will lead to additional degradation as well. This has 

been extensively investigated. Green & Lewis, (2007) show that fuel-rich and high-load operating 

conditions increases soot production dramatically. George et al., (2007) shows that wear increases 

nonlinearly as the amount of soot increased, but does not give an indication of how operating loads 

affect soot levels in oil.  

 

Literature, manufacturers and asset owners all agree that the operating loads affect engine degradation; 

however it has not yet been possible to substantiate the impacts of low or high load operations 

quantitatively in a satisfying way. As environmental awareness has increased so has literature 

concerning carbon emission. Most quantitative research has focused on carbon levels in exhaust gases 

(e.g. Srivastava, Agarwal, & Gupta, 2011; Vaaraslahti, 2004). Other research focuses on the effect of an 

increase of soot in lubrication oil (George et al., 2007). Currently, no research (to our knowledge) has 

been done in relating engine load to soot contamination of lubrication oil.  

 

It becomes apparent from literature that load is an important driver of wear and should be included in 

determining wear development. Current physical models can be used but should be extended with wear 

occurring from soot contamination to increase the predicting accuracy of these models.  

 

5.3.3 Redundancy and load for the Fugro Galaxy 
In order to use the model developed by Amoiralis (2015) the redundancy usage and load of the diesel 

engines need to be determined. The PRAXIS information system has stored all data collected from the 

diesel generators. Measurements are made every minute and the data that is of main interest is the 

active number of diesel generators and the electrical power generated. The number of active engines 

shows how system redundancy is used. The PRAXIS information also shows the date and time the 

measurements are taken. By relating the measurements of the diesel generator to the operational 

modes, determined in chapter 3, the average load during each operational mode can be determined. An 

extract of the resulting database is shown in appendix E. Figure 5-8 shows the resulting redundancy 

usage by displaying the percentage of time the number of active engines during each operational mode. 

It becomes apparent that most of the time only a single engine is used. Transit uses more engines as 

during transit the thrusters are used and the faster the vessel needs to go, the more electric power is 

required resulting in more active engines. The usage of three engines is the result of running the 

thrusters at full speed or as happens in operations where due to safety issues it is mandatory to have 

three engines active at the same time. 
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Figure 5–8: Redundancy usage 

 

The second element of interest is the load the engines endure when one, two or three diesel generators 

are active. If the definition of Adnanes (2003) is applied then an engine running on low load is defined as 

a load smaller than 50%. Figure 5-9 shows the resulting load distributions. As is clearly shown, the vessel 

operates on low load for the most time.  

 

 
Figure 5–9: Low load vs High load 

 

Finally the average load during each operational mode and number of active diesel generators is 

determined by taking the average loads. These averages are shown in table 5-5 and can be used to 

determine the different degradation rates by utilizing physical models 

 
Table 5–5: Load profile Fugro Galaxy 
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5.3.4 Optimal policies 
The physical failure threshold is based on the manufactures specification and is assumed to be 0,5mm of 

wear. The difference between running the system on 10% load compared to 20% load is 0,00001 mm of 

degradation. This means that the amount of possible degradation states is around 50.000. The 

developed Microsoft Excel tool does not have the capacity to compute the optimal polices when the 

amount of states is this high. In order to reduce the number of states the stage length has been 

increased to 7 days. The resulting transition rates are shown in figure 5-6. This also means that the total 

final stage N is not 1250 days but 179 weeks. 
 

Table 5–6: Transition matrix for stages of 7days 

 
 

The amounts of degradation have been determined by considering stages of 7 days, the loads from table 

5-5 and the model of Amoiralis (2015) presented in figure 5-6. The resulting degradation amounts are 

shown in table 5-7. 
 

Table 5–7: Degradation amounts liners 

 
 

Finally the replacement costs including crewing costs are shown in table 5-8. An engine has 12 cylinder 

liners so 12 cylinders are replaced when a replacement occurs. The STAR database has no records of a 

replacement of the cylinder liner. This is because FMS did not have any problems with the cylinder 

liners. All recorded replacement where during the major overhaul and these records do not show the 

amount of time required to replace a component. The main difference in cost has been the expected 

replacement times between preventive and corrective and onshore and offshore replacements. 

Furthermore, the downtime cost are considered to be higher for the cylinder liner case as the 

replacements are considered to take more time to replace then the cooling fans discussed in the 

previous section. This results in the following replacement costs (note that these are normalized). 
 

Table 5–8: Replacement costs cylinder liners (normalized) 

Modes 
Corrective 

replacement 
cost 

Preventive 
replacement 

cost 
Downtime cost 

Harbor 2.240 1.900 10.000 

Transit 2.300 2.000 10.000 

Operations 2.300 2.000 10.000 
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All parameters are put in the input sheet of the developed tool and all four models have been run. The 

resulting graphs are shown in appendix H and the expected costs of the optimal policies are shown in 

table 5-9. 
Table 5–9: Results optimal policies for cylinder liners 

Policy Replacement 
interval 

Expected policy cost 
(normalized) 

TBM single component Major overhaul only 1.900 

TBM Redundant Major overhaul only 1.900 

CBM single component N.A. 1.900 

CBM Redundant N.A. 1.900 

 

It turns out that the expected costs for all policies are the same and are equal to the harbor replacement 

cost. This means that even if the vessel incurs the maximum amount of degradation, the component will 

not fail before the major overhaul. This can be easily proven by multiplying the maximum amount of 

degradation to the number of stages, which is 0,00238 ∙ 179 = 0,42602𝑚𝑚 of degradation. This 

confirms why FMS has not yet experienced any failures of the cylinder liners. This raises the question if 

the cylinder liners could survive until the second major overhaul. All four models have been run again 

but the planning horizon has been increased to twice the original horizon i.e. 358 weeks. This results in 

the optimal policies shown in table 5-10.  

 
Table 5–10: Results optimal policies for cylinder liners with twice the planning horizon  

Policy Replacement 
interval 

Expected policy cost 
(normalized) 

TBM single component 180 weeks 3.973 

TBM Redundant 180 weeks 3.973 

CBM single component N.A. 3.945 

CBM Redundant N.A. 3.945 

 

As can be seen from table 5-10, the optimal time based replacement policies show that the optimal 

replacement time is around half the planning horizon. So basically it would be optimal to replace the 

component during the first major overhaul. A higher cost is expected, compared to the optimal CBM 

policies, as it is unknown in which operational mode the replacement will take place. The replacement 

thresholds for the CBM policy are shown in appendix H. Finally the expected policy cost of both the CBM 

policies is also higher than twice the expected cost shown for the CBM policies in table 5-9. This is due to 

the fact that in the case of a longer planning horizon, the SDP no longer assumes that at time 180 weeks, 

the vessel will be in the harbor. So there is the possibility it will be in another operational mode and that 

the replacement needs to be made in that other operational mode. This increases the expected cost. It 

might be possible to optimize the timing of the major overhaul by iterating over all possible horizon 

lengths. However this is excluded from this research as it is outside of the scope of this research. 

Another option would be to reconsider the choice of quality of the cylinder liners. It might be possible to 

use a liner of less quality so that its service life is closer to the first major overhaul or to use a higher 

quality so that its service life is closer to the second major overhaul.  
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6. Sensitivity analysis 
This chapter covers the sensitivity analysis performed for the stochastic dynamic programs. Such an 

analysis is provides useful managerial insights. Section 6.1 discusses the experimental design and the 

subsequent chapters discuss the effect of changing parameters within the experimental design on the 

expected total cost for each policy.  

 

6.1 Experimental design 
The models that are developed are applicable to many different components, each with different 

characteristics. It would be unfeasible to perform the sensitivity analysis discussed in this chapter on the 

case studies discussed in chapter 5 given the available time to perform these analyses. The time to 

compute the optimal policies increases exponentially with the amount of states that a system can take. 

In practice the models only need to be computed once, making the computational time not an issue. 

Furthermore the developed models are intended to be used to a wide variety of components each 

having different characteristics. Performing sensitivity analysis only on the case studies would give fewer 

insights then performing sensitivity analyses over a larger range of parameter settings. In order to 

evaluate the effect of changing different parameters on the model output a fictive component is 

considered which has fewer states then the real cases studied. See appendix I for the parameters. These 

parameters are based on the usage profiles used for the case studies. In these analyses the stages are 

days and the major overhaul is planned after 1 year (on day 365).  In the following sections the effect of 

changing a single parameter and keeping the others fixed is discussed.  

 

6.2 Downtime cost 
The downtime cost for the experimental design has been changed over an interval of €0 to €1.200.000. 

A downtime cost of €0 represents the situation in which a component failure never results in downtime. 

Increase in the downtime cost can be for many reasons e.g. higher penalties from clients or longer repair 

times for components. The results for all four SDPs are shown in figure 6-1. As can be clearly seen, 

downtime cost only has little effect on the total expected policy cost.  

 
Figure 6-1: Effect of downtime cost on expected policy cost 
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The condition based policies both are only slightly affected by the increase in downtime cost. That is 

because optimal decisions can be made at the start of each stage, the probability that downtime cost 

will occur is thus extremely low. The effect is larger for the TBM policies. As the downtime cost 

increases, the amount of risk taken for downtime to occur is decreased by decreasing the replacement 

interval as can be seen in table 6-1. This effect is larger for the single component policy as downtime will 

occur whenever a component fails. Furthermore after a certain point an increase in downtime cost no 

longer decrease the replacement interval (in this case the minimum replacement interval is 19 days). 

This is the case because the component will never exceed the failure threshold in 19 days. 

 
Table 6-1: Effect of downtime cost on replacement intervals for the TBM policies 

 
 

6.3 Replacement costs 
The replacement costs, both corrective and preventive replacements, can significantly differ between 

components. Reasons could be that components are more expensive, take more time to be replaced or 

they cannot be replaced by the crew onboard and specialists need to be flown in. The harbor 

replacement costs are always the least expensive. Therefore the other costs (offshore replacements) are 

scaled by multiplying the harbor replacement costs with a ratio (e.g. ratio 2 means a corrective 

replacement cost of €1000, €2000 and €2000 for harbor, transit and operations respectively). Figure 6-2 

shows the results when the replacements costs for transit and operations are the same and are scaled 

compared to the harbor replacement costs. As can be seen, increasing the replacement costs increases 

the total cost of all the policies. This makes sense as replacements become more expensive than the 

expected costs also increase. The expected costs for the CBM policies are less affected by an increase in 

the replacement cost then the TBM policies. That is as expected as the CBM policies utilize the 

operational modes in decision making. 
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Figure 6-2: Effect of increase in replacement cost for the offshore replacements  

 

Appendix J shows the replacement thresholds for engine one in a redundant system. Three observations 

can be made. The first one is that in all cases, replacements are only made during operations and transit 

if the component will fail for sure during that stage. Secondly the end of life effect (i.e. the oscillation) 

affects fewer stages as the offshore replacement costs increase. The oscillation actually decreases when 

the offshore replacement costs increase as it tries to reduce the risk of a replacement having to be 

performed offshore. The third observation is that the replacement threshold decreases for the harbor 

operational mode. The reason for this is that as the replacement costs increase, the SDP reduces the risk 

of replacements in either transit or operations by replacing earlier in the harbor.  

 

The effect of changing offshore replacement costs is larger for the TBM policies. The TBM policies are 

unable to control where the replacements are made. Therefore there is a high probability that the 

replacement needs to be made offshore, resulting in a higher expected cost. Another effect is shown by 

table 6-2. It shows that as offshore replacement cost increase, the replacement intervals for the TBM 

policies also increase. This makes sense as the DP will consider both downtime cost and replacement 

costs. When the replacement cost increase then the DPs are willing to take more risk, by increasing the 

replacement interval, in order to reduce the amount of replacements made over the entire planning 

horizon.  

 
Table 6-2: Effect of offshore replacement cost on replacement intervals for the TBM policies 
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A different possibility is that there is also a difference in offshore replacement costs. An example could 

be that operations are performed in difficult locations and additional safety measures need to be taken 

to perform maintenance, which need not be taken in the harbor or during transit. In order to see the 

effects of differences between all operational modes, a factor difference between all operational modes 

is utilized, assuming that the operations mode is always the most expensive (e.g. factor 2 means a 

corrective replacement cost of €1000, €2000 and €4000 for harbor, transit and operations respectively). 

The results for these situations are shown in figure 6-3. The first thing to notice is that expected costs for 

the TBM policies explode. This is to be expected as the TBM policies plan a fixed interval. Therefore 

there is no control when the replacements are made, meaning that there is a probability the 

replacements are made during operations, where the costs are large. The CBM policies are affected 

much less by the increase in cost then the TBM policies. Again this is due to the ability to set a policy 

such that replacements are almost always performed in the least expensive operational mode (in the 

harbor). Again appendix J shows the replacement thresholds for engine one in a redundant system. 

There are two main differences between these policies and the policies where only the offshore costs 

were scaled. First the replacement thresholds for transit are decreasing as costs increase. This makes 

sense as replacements in transit are cheaper than operations.  Secondly the replacement thresholds for 

the harbor are lower. The reason for this is that as the risk for high costs increases (i.e. replacements in 

operations) the policy tries to decrease the likelihood of replacements in operations by replacing in the 

less expensive operational modes earlier.  

 

 
Figure 6-3: Effect of increase in replacement cost between the operational modes 
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6.4 Degradation rates 
Degradation rates are determined by the usage profiles and physical models. Physical models are a 

simplification of reality and therefore are very unlikely to predict degradation exactly. Also the 

degradation rates between components can differ significantly. The degradation rates have been scaled 

compared to the original settings discussed in section 6.1, all other parameters have been kept constant. 

The rates are scaled between an interval of 0,05 and 50. Here a rate of 0,05 represents a situation in 

which the component degrades very slowly and most likely will not fail before the major overhaul, 

whereas a rate of 25 means the component will fail very quickly and therefore will fail for sure at least 

ones before the major overhaul and a rate of 50 results in a daily failure. The results are shown in figure 

6-4.  

 

 
Figure 6-4: Effect of degradation rate on expected policy  

 

As can be seen the expected costs increase as the degradation rates increase. This must be true as more 

replacements result in more costs. All policies converge to the same expected cost as the degradation 

rate increases. This is a logical effect because if the components fail every day then it doesn’t matter 

what policy is used, the replacements are made every day resulting in the same expected cost. Another 

interesting insight is that from a certain increase in the degradation rate, the CBM single policy no 

longer outperforms the TBM redundancy policy. The reason for this is that from that point onward, the 

effect of controlling when to perform maintenance is less cost efficient then redundancy. Furthermore, 

what is interesting is the effect of the degradation rates on the end if life affects for the CBM policies. 

Appendix J shows these effects. The end of life effect results in replacement thresholds that oscillate. As 

the degradation rate decreases both the amplitude and wavelength of the oscillation increase. The 

reason for the amplitude to increase is that the amount of degradation each day becomes smaller and 

therefore the increase in the threshold (to delay replacements) also becomes smaller. Basically 

replacements can wait longer as the risk of failure becomes smaller. The wavelength increases because 

fewer replacements are required during the planning horizon. The opposite is true for when the 

degradation rate increases. In that case the oscillation starts not at the start of the planning horizon, but 

somewhere in between.  
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The effect for the replacement intervals for the TBM policies is shown in table 6-3. If the degradation 

rate is small enough no replacements need to be made. This happens for example when the rate is 

multiplied by a factor 0,05. In case of system redundancy the risk of downtime is small enough to not 

schedule any replacements. For the single component policy this risk is to high so one replacement is 

scheduled (at time 183). As expected the replacement interval decreases if the degradation rate 

increases. 
Table 6-3: Effect of degradation rate on replacement intervals for the TBM policies 

 
 

In the case of the TBM models an optimal replacement interval is based on the degradation rates. Figure 

6-5 shows what happens to the expected policy cost if a replacement interval is determined but the 

actual degradation rate difference from the one used to determine the optimal replacement interval. As 

the graph shows, if the degradation rate is smaller then there is no effect on the expected cost. This can 

be explained because the policy cost exists almost completely out of replacement costs. Therefore if the 

probability of a failure decreases this has no effect. The opposite is true when the degradation rate 

increases. The expected costs increase very quickly if the degradation rate increases. In the case of the 

single component policies, this effect is greatest as downtime costs is very likely to occur at higher 

degradation rates. The effect is less for the redundancy model but the cost still triple if the degradation 

rate doubles. This graph shows the importance of the accuracy of the degradation prediction for the 

TBM policies. This effect is much less for the CBM policies. The developed policies will not be the 

optimal policies, but because the degradation is considered every day downtime cost will still be 

prevented for the most part. Furthermore, compared to the TBM policies less replacement costs will 

also occur because the TBM policies follow a block replacement policy. 

 

 
Figure 6-5: Effect of error degradation rate on the expected costs for TBM 
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7. Implementation 
This chapter describes how the developed models can be implemented. Implementation basically exists 

out of three elements. The first is how the models should be used and how the results could be 

implemented in practice. The second element is how to maintain the models as parameters should be 

updated in order for the models to stay up-to-date. Finally, the third element is how to extend or adjust 

the developed models.  

 

7.1 Use of the models 
This section will discuss how the models should be used in practice. In order to be able to apply the 

developed models the following steps must be followed: 

1) Component selection. The first step is to determine for which component to optimize the 

replacement interval. One way to make this decision is to apply the Failure mode, effects and 

criticality analysis (FMECA) method. Applying a FMECA to a system should identify which 

components are most suited for optimizing their replacement policy.   

2) Failure mode selection. The developed models consider an incremental increase in a certain 

variable that can be measured which represents the health of a component. Components can 

have multiple failure modes and it is therefore important to identify which of the failure modes 

is most critical. As for component selection, the FMECA method can be used to identity the 

failure modes and determine which ones are most critical. It is important for both the 

component and failure mode selection to make an appropriate decision as the collection of the 

necessary data might be time consuming. 

3) Physical degradation model. Once a component and the corresponding failure mode have been 

determined in most cases a physical degradation model must be taken from available literature 

or must be developed that describes how the component degrades to its failure threshold. Such 

a degradation model can vary in complexity. Two examples of such degradation models have 

been given in chapter 5. A complex physical degradation model describes how the usage and 

environment influence the degradation on a physical level as shown in the case of the cylinder 

liners. In the case study of the centrifugal cooling fan, the operational hours have been selected 

as a condition indicator that represents the failure mode of the failure to rotate. In this case no 

physical degradation model was required as the usage of the component followed directly from 

the usage profiles. 

4) Usage profile. The final step before the optimal policies can be determined is to develop the 

usage profile of the system under consideration.  

 Operational modes. First the different operational modes of the system must be identified. 

This identification depends heavily on the system under consideration but two main criteria 

should at least be considered. The first is that different operational modes can be identified 

when replacement cost differ between operational activities or locations. Examples are a 

difference in cost for on-shore and off-shore replacements or a difference in cost when a 

system moves to a different geographical location. The second criterion is when a system is 

subject to different degradation rates based on its operational activities or location. Then 
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the transition probabilities for these operational modes must be determined. This can be 

done as discussed in section 5.1. 

 Environments. For each operational mode, the different possible environments must be 

determined. Different environments exist if a difference in degradation rate occurs because 

of a change in the environment of the operational modes. 

 Redundancy usage. The final step is to determine how redundancy usage influences 

degradation rates. Again this depends on the system under consideration and should be 

determined for each system separately.  

5) Determine optimal maintenance policies. Finally degradation rates must be determined 

through the use of the physical degradation model and the usage profile. The replacement costs 

and downtime cost for each operational mode should be determined. The final step is inserting 

the resulting transition rates, degradation rates, failure threshold and planning horizon length in 

the developed tool discussed in section 4.6. The tool can then be used to determine the optimal 

replacement policies. 

 

Two alternatives can be considered in regards to implementing the resulting optimal replacement 

policies. The first is the implementation of the time based policy and the second is the implementation 

of the condition based policy. Currently, time based maintenance policies are widely used and therefore 

the resulting optimal time based replacement policy should be easily implemented. The advantage of 

this is that the current practices are optimized meaning that no investments need to be made in terms 

of software development or training of employees. The other alternative is implementing the condition 

based policy. This will take more effort to implement. First, it has to be noted that the developed models 

do not consider any investment requirements to enable the implementation of CBM. It is therefore 

recommended to investigate the required investments and compare these investments to the potential 

gains to determine if implementing CBM is feasible. If it turns out to be feasible then the planning 

system should be adjusted to enable CBM. This would mean that either sensors to monitor the health of 

a component are directly linked to an information system or that measurements taken by employees 

are entered in an information system which then provides the optimal maintenance actions. Such an 

information system might be a challenge on its own as it has to have the information of the operational 

mode and the measurements in order to make the optimal decisions. Furthermore, if the optimal 

replacement policies are used then the end-of-life effects should also be entered in an information 

system. This would require the system to also keep track of the time until the major overhaul. A simpler 

approach could be taken to use a fixed replacement threshold for each operational mode where the 

replacement threshold is the part before the oscillation occurs. This would not be optimal because this 

adjusted policy no longer tries to delay a replacement in order to prevent an additional replacement.  

The advantage is that the information system can be less complex.  
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7.2 Maintenance of the models 
Once a replacement policy has been determined then the models need to be kept up-to-date. If the 

usage profiles significantly change for a given system then the maintenance policies might not be 

optimal anymore. This would mean that the input for a given system should be updated regularly. What 

the update interval should be depends on the system under consideration. The three inputs that need to 

be updated are the transition matrix, the replacement costs (if these change) and the degradation rates. 

Usually the updating process should take less effort then starting using the models for a new component 

or system as the degradation process has already been identified. Updating the usage profile, meaning 

the transition matrix and the loads, has to be done only once and then can be used to update the 

replacement policies for the components in that system. One all parameters are updated they can be 

put in the developed Excel tool. 

 

One important aspect is the major overhaul. If for any reason the timing of the major overhaul for a 

specific system changes then all maintenance policies have to be updated. The developed models take 

the end-of-life specifically into account by including it in the decision to replace or not. A change in the 

timing of the major overhaul can therefore significantly influence the performance of the policies if not 

updated.  

 

7.3 Extending the models 
Some knowledge and training is required to obtain the necessary inputs to run the models. But once the 

input is known than no knowledge or training is required to use the current Excel tool. This is true for all 

systems and components that fit the assumptions made in section 4.4.3. However, extending the 

models in order to relax some of these assumptions takes some knowledge of VBA coding (some of 

these possible extensions are discussed in chapter 9). If only the recursion functions need to be adjusted 

than this is relatively simple to implement as long as no additional summations are added otherwise it 

becomes more complex. The VBA coding in the developed tool has been made such that a user-friendly 

interface could be made. This did influence the readability of the VBA coding, therefore some 

commends are made in the code itself to clarify what the coding does. If major changes are required 

than some studying of the coding is in order. 

As already discussed, Excel has limitations in terms of computational power. One such limitation is that 

it only uses one Central Processing Unit (CPU) at a time, meaning that it does not utilize the full 

computational power of a computer. One option is to implement the developed models using a 

different type of coding preferably platform free to maintain the usability of the models by all MaSeLMa 

partners.  
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8. Conclusions, limitations and recommendations 
In determining optimal maintenance policies most literature and methods assume that degradation 

rates are deterministic and maintenance policies are based on this assumption. In practice this is not 

always the case as usage and environmental factors influence the degradation rates of components. 

When degradation rates are significantly stochastic this assumption may result in poor policies and 

subsequent poor performance. In this master thesis project, stochastic dynamic programming models 

have been developed that provide the optimal replacement policies for a component. Models are 

developed for both time based and condition based maintenance strategies and system redundancy is 

taken into account. The results obtained through two case studies and sensitivity analysis give useful 

managerial insights. This chapter summarizes the conclusions, discusses limitations and provides several 

recommendations to consider. 

 

8.1 Conclusions 
The primary objective of this master thesis was to develop a general model to determine the optimal 

replacement policies, in terms of expected costs, by considering future usage, future operating 

conditions and redundancy. Two types of maintenance strategies have been modeled, time based 

maintenance and condition based maintenance. Each optimal maintenance policy can be evaluated in 

terms of the total expected maintenance cost.  

 

The future usage of a system and the future environmental influences that effect component 

degradation are translated into usage profiles.  In order to take stochastic degradation behavior into 

account, physical degradation models are related to the usage profiles of systems and components. This 

also overcomes to problem of a lack of data that occurs in practice. It turns out that the degradation 

behavior of a component has a significant influence on what the optimal maintenance strategy is and 

what gains can be made by employing condition based maintenance. 

 

8.1.1 Time based maintenance policies 
The time based maintenance policies are widely used in the maritime sector and usually are very 

conservative. They are specifically useful for components that have a degradation rate that is small 

enough so that it is very unlikely that these components will fail before the major overhaul, or will only 

fail once. An example is given in the case study of the cylinder liners. These components don’t fail before 

the overhaul, so no gain can be made by employing condition based maintenance. This is the result of 

the end-of-life that occurs during the major overhaul.  

 

The time based maintenance policies perform significantly worse when the degradation rates in practice 

are higher than the ones considered in optimizing the policies. The exact increase depends on the 

component but the relationship is exponential. For systems that have redundancy the expected policy 

cost increases by 200% if the degradation rate doubles. If the system has no redundancy the increase in 

expected costs can explode to an increase of 1000% when the degradation rate doubles, which is due to 

the fact that downtime costs are incurred. Such an example is shown in the case study of the cooling fan 
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in which the optimal policy was 6 times less expensive than the used policy. This confirms that 

conservative replacement policies are the way to go when time based policies are not optimized. 

 

The effect of redundancy is that it reduces the risk of downtime costs. It has the most noticeable effect 

when the degradation rate is higher than the one used to determine the optimal police. But it also 

affects the useful life of a component that can be utilized. If the downtime costs are between €10.000 

and €100.000 the replacement interval of a redundant system can be increased up to 30% compared to 

a single component system. These results in fewer replacements that need to be made, effectively 

reducing the expected costs up to 20%. However, increasing the replacement interval is only valid if 

components are expected to fail multiple times during the planning horizon. As shown in the cylinder 

liner case, if a component is expected to fail only once than it is optimal to replace the component 

halfway the planning horizon which does not result in any cost savings by redundancy. 

 

Sensitivity analysis shows that a large difference in expected costs occurs when the difference in 

replacement costs increases between operational modes. This is due to the fact that when a 

replacement is performed based on time, the replacement can occur during an expensive operational 

mode. It could be best to delay a replacement until the system is in the least expensive mode or replace 

a component earlier when the system is in the least expensive mode. In most cases this already occurs 

in practice. In order to include this possibility an extension is suggested for future research.  

 

Finally, keeping a spare part in stock reduces the expected policy costs significantly if an incorrect policy 

is used. The case study of the centrifugal cooling fans shows that not keeping a spare part in stock 

results in an expected policy cost increase of 200%.  

 

8.1.2 Condition based policies 
The condition based maintenance policies outperform the time based maintenance policies in most 

scenarios. CBM is particularly useful when the difference in replacement cost increases between 

different operational modes, and when a component is expected to fail multiple times during the 

planning horizon. If an operational mode has a replacement cost that is twice as large as the least 

expensive replacement cost, then the expected total cost of the optimal TBM policies is 60% more 

compared to the optimal CBM policy. This increase in expected cost can go up to 284% if an operational 

mode is ten times more expensive then the least expensive operational mode. Again, these results are 

only valid if the component is expected to fail multiple times. The gain from employing CBM decreases 

when the degradation rate is very low (if it is unlikely that the component will fail) or when the 

degradation rate is very high (then the component will fail frequently). 

 

Sensitivity analysis has shown that the condition based policies are robust when the downtime costs 

increase. This is true for both the single component model as for the redundancy model, as for both 

policies the expected increase in cost is less than 1%. This follows from the fact that the under a 

condition based policy the system is constantly monitored reducing the risk of downtime. 
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The end of life effect from the major overhaul results in an oscillation of the replacement thresholds as 

the optimal policies try to prevent one additional replacement by increasing or decreasing the 

replacement threshold. It turns out that a fixed threshold policy is not the optimal policy as the 

prevention of one replacement is lost. The expected cost savings depends heavily in the degradation 

rate of the component and on the replacement cost of the component. If the component fails frequently 

than preventing one replacement might not have such a large effect. But is a component fails 

infrequently and the replacement cost is high, then the expected cost savings can have a large impact. 

 

The end of the planning horizon also effects which type of policy should be considered. This is due to the 

fact that at the end of the planning horizon the component is always replaced. In general, the gain that 

can be obtained from CBM is that more of the useful life of a component can be used. However, the end 

of the horizon limits this by setting a fixed replacement time. This effect is clearly shown in the cylinder 

liner case study. Here the component will certainly fail between two major overhauls (when the time 

between two major overhauls is large), but it is very unlikely that it will fail twice. This means that a 

single replacement must always be made before the major overhaul. The CBM policy is able to use more 

of the useful life of one of the components but due to the planned end of horizon this additional useful 

life is not utilized. This effect is related to the degradation rate of a component. The gain from 

employing CBM decreases when the degradation rate is very low (if it is unlikely that the component will 

fail) or when the degradation rate is very high (then the component will fail frequently). 

 

The performance of the CBM policies are less affected than the TBM policies when the degradation 

rates are uncertain. This is because the CBM monitors the health of a component meaning that if it turns 

out that the degradation rates are larger than assumed then the components are still replaced according 

to the replacement thresholds. Even so, the overall expected cost would increase as more replacements 

are required resulting in more cost. 

 

8.1.3 Generality 
The developed SDP models can be used for many different systems and components. Two different 

systems on board of a vessel have already been presented in the case studies but the usefulness of the 

SDP models is not limited to the maritime industry only. The models can be used for any system that is 

subject to stochastic degradation rates, has a finite planning horizon and has identifiable operational 

modes. An example could be a system used in a production facility, where the system is yearly 

overhauled and has different replacement costs and different degradation rates e.g. when the system is 

operated during the week compared to the weekend. The developed SDP models could also be used to 

analyze the effect of increasing or decreasing the time between two overhauls. The results would show 

what the change in expected policy cost is when the timing of the overhaul changes. It might be a 

consideration to change the time between two overhauls if for many components it turns out to be 

beneficial. 
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8.2 Limitations 
This section discussed the limitation to the developed stochastic dynamic programming models. These 

limitations also result in the recommendation made in the next section. Because of the nature of this 

project and the available time not all factors have been included that influence the determination of the 

optimal replacement policies. One important factor is the ability to delay replacements until a less 

expensive operational mode. Chapter 9 discusses five possible extensions for future research that can be 

made to take into account more factors such as the possibility to delay replacements.  

 

One limitation of the model is that it is unable to determine the total expected maintenance cost for a 

given component over the complete service life of a vessel. The total expected costs given in the output 

of the models are the expected costs assuming that at the start of the planning horizon the system is in 

the first operational mode and has no degradation. If a lagging policy is used for redundant systems, 

then once the numerical redundancy order of the redundant systems changes then the new primary 

system will most likely not start with no degradation. Therefore the total expected cost over the service 

life of the vessel is not simply a multiple of the expected cost over one planning period. In the case of 

the CBM policies, these policies are still the optimal policies as they determine the optimal replacement 

thresholds and these do not depend on the starting state of the vessel. In the case of the TBM policies, 

the optimal replacement intervals need to be recomputed by considering the actual degradation 

amount of the component after a major overhaul has occurred. This limitation is not an issue for the 

single component models as they do not have redundancy and thus the starting degradation level after 

the major overhaul equals 0 and the expected policy costs still apply. 

 

A second limitation is the computational power that is required by the models. As became apparent in 

the cylinder liner case, when the number of possible states becomes large Microsoft Excel no longer has 

the capacity to compute the optimal policies. The number of states becomes large for any component 

that degrades at a low degradation rate compared to its failure threshold. This can be overcome by 

increasing the length of the stages but the longer these stage length become, the more inaccurate the 

usage prediction will be. The extent to which this limitation is a problem depends on how the models 

will be used in practice. Usually components that have a very low degradation rate are critical 

components. They must be designed to have a low degradation rate otherwise the systems will endure a 

critical failure at a high rate which would mean a bad component design. For these types of 

components, the developed models could be used to determine the effect of changing the timing of the 

major overhaul.   

 

Finally, implementing the optimal CBM policies in practice could be difficult as these policies do not have 

a fixed replacement threshold. The thresholds actual oscillate by which the CBM policy tries to prevent 

one more additional replacement. Implementing the CBM replacement policies would require an 

information system that can both handle a changing replacement threshold and can keep track of the 

operational mode of the system. Implementing the optimal TBM policies is not an issue of course as this 

is already the current policy. 
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8.3 Recommendations 
This section discusses the recommendations for Fugro Marine Services. This master thesis presents 

several models to optimize replacement intervals. Recommendations are made for both the time based 

and condition based maintenance strategies. 

 

The case study of the centrifugal fan showed that the optimal TBM policies can improve the current 

TBM policy or can be used to verify the current replacement policy as show in the cylinder liner case. 

Assuming that in the case of the centrifugal fan a spare part is kept in stock on board the vessel, the 

optimal replacement policy results in a decrease of expected cost of 50%. The recommendation can 

therefore be made that the presented models should be used by FMS to optimize their current TBM 

policies. No additional investments are required in terms of training of personnel or changing the 

information system. 

 

The sensitivity analysis clearly shows that a significant gain can be made by implementing CBM in terms 

of expected policy cost. However, this is only true for components that have a relatively high 

degradation rate or if a significant cost difference exists between operational modes. Therefore a careful 

assessment needs to be made of which components have these characteristics. Furthermore, this 

analysis did not include any investment requirements to enable the implementation of CBM. It is 

therefore recommended to investigate the required investments and compare these investments to the 

potential gains to determine if implementing CBM is feasible for FMS.  

 

Another issue in determining maintenance policies in the maritime industry is the diversity of the usage 

of the different vessels. The developed models would require that for each of these vessels the usage 

profiles are derived which might be time consuming. One recommendation is that, if the data collection 

is considered to be time consuming, a set of general usage profiles is developed. This set could be based 

e.g. on the geographical location of vessels and should allow all vessels managed by FMS to be 

attributed to one of these usage profiles. In this case only a subset of usage profiles needs to be 

determined. This does mean that the resulting policies will not be optimal, as this requires the actual 

usage profile for each vessel individually, but as long as the actual usage profiles do not differ to much 

from the subset it could give good results.  

 

On a side note, during the data analyses it became apparent that the management system that manages 

the activation of diesel generators is negated by crew members. This results in additional fuel cost. It is 

recommended that crew aboard a vessel is instructed to not overwrite the management system. This 

would result in a fuel cost saving of 3,5% yearly. Furthermore, the data also showed that the diesel 

generators run on low load for large percentages of times. It is advised to investigate the possible 

savings that can be made by using harbor power when the vessel is in the harbor or to add a smaller 

diesel engine that can be used during low load operation (e.g. by replacing the emergency engine with a 

larger engine). 
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9. Future research 
Two main areas are identified for future research. The first area is extending the develop models to 

include more factors that would increase the prediction accuracy or let the models represent practice 

more accurately. The second area is to find methods to optimize the computational efficiency of the 

models.  

 

9.1 Extensions 
There are many factors and considerations that complicate the development of maintenance policies. 

Chapter 4 has presented models that include usage, operational environment and redundancy. This 

chapter presents possible extensions to these models. Due to a lack of time these extensions have not 

been tested in the sensitivity analyses or in the case studies. Furthermore, any extensions made will 

increase the computational time required to run the policies. They are however presented here as they 

could be of interest for future developments. 

 

9.1.1 Delay model 
The first possible extension is called the delay model. As discussed in chapter 6, one of the main reasons 

why time based maintenance is so much more expensive is that it performs maintenance in prefixed 

times. This means that maintenance is also performed off-shore in which case the maintenance costs 

are higher than in the harbor. What happens in most cases in practice is that if a failure occurs, the 

replacement is delayed until the vessel reaches the harbor. In other words the maintenance actions are 

delayed. Now off course delaying maintenance might not always be the optimal decision as it increases 

the risk of downtime. Therefore the following equation is suggested to determine the optimal CBM 

policy including both redundancy and the possibility to delay the replacement: 

 

For details of the basic elements of this model refer to section 4.4.2, only the extension to the 

redundancy model is discussed here. What this extension basically does is add the decision b, either 

keep the component after it fails or replace it, where b is 0 and 1 respectively. If the decision is made to 

keep the component then this means that at the start of the next stage the amount of degradation is 

equal to the failure threshold F (i.e. the component has failed). If at the start of stage t, the amount of 

degradation is equal to the failure threshold, then every possible amount of degradation that would be 

incurred is higher than the failure threshold, effectively only giving the choice to keep the component or 

replace correctively.  

𝑓𝑡
𝑐(𝑖,𝑚) = min

𝑎∈(0,1)

𝑏∈(0,1)

{∑𝑞𝑚(𝑛) ∙ (

|
|
|
|(

 (1 − 𝑎) ∙∑(

|
|
|
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𝑅
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𝐸
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𝑀
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The CBM model has been programmed in Microsoft Excel and was applied to the case of the basic 

settings of the sensitivity analysis. The resulting CBM policy showed that once a component failed 

replacements should be delayed until the major overhaul. This result makes sense when the amount of 

redundancy is high enough to let one system fail and still have very little risk of downtime. Also equation 

9-1 does not change the numerical order if a system is not used. Once one system fails and is not used 

for a long period then system number 2 will effectively become system 1 and therefore endures 

different degradation rates. If the equation is to be used in its current state this issue must first be 

addressed. In the models developed in chapter 4 this is not an issue as replacements are always 

performed when a components fails. The extension presented here could be used to determine the 

effect of changing the redundancy level of the system. By decreasing the redundancy level to say one 

active system and one redundant system then delaying maintenance until the major overhaul would not 

be an option because downtime costs are more likely to be incurred. Another option to implement the 

delay decisions is by extending the state variables to include the degradation levels of all redundant 

systems. However, this will increase the computational time significantly. Applying this extension results 

in more accurate cost predictions as delaying replacement occurs in practice.  

 

9.1.2 Quality difference between systems 
One of the assumptions made is that all components are of the same quality level i.e. they have the 

same failure threshold. As considered by Tinga & Janssen (2013) this does not necessarily always have to 

be the case. They considered two pairs of engines where one pair had a lower failure threshold then the 

other. The assumption of same quality levels can be relaxed in the models developed in chapter 4 for by 

making the failure threshold dependent on the numerical order of the system. This can easily be 

implemented in the presented models by changing the lower bounds of the degradation summations as 

shown here: 

∑∑ ∑ 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥)

𝐹𝑐−𝑖−1

𝑥=0

𝑅

𝑟=1

𝐸

𝑒=1

+∑∑ ∑ 𝑝𝑚,𝑒,𝑟
𝑐

𝑋

𝑥=𝐹𝑐−𝑖

(𝑥)

𝑅

𝑟=1

𝐸

𝑒=1

= 1                      ∀c ∈ C and m ∈ M Equation 9-2 

 

Another possible difference in quality can be the speed at which a component accumulates degradation. 

If different quality materials are used between two systems then they might have the same failure 

threshold but one degrades at a higher rate than the other. In this case the component degradation 

depends on the numerical order (c), not only to determine whether or not the system is active, but also 

to indicate the difference in quality. It has to be noted that difference in failure threshold is easier to 

determine as most manufacturers present these in the maintenance manual of the components. The 

opposite is the case for the speed with which a component degrades, this usually takes empirical testing 

to determine. Adding this extension is easily done as only a single variable needs to be adjusted. This 

extension results in that the models are usable for a larger range of systems. 

 

9.1.3 Random failures 
The current models do not allow for random failures to occur. A random failure can be described as a 

failure that occurs because a degradation amount equal to the failure threshold is incurred at a random 
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point in time.  The probability that such a random failure occurs might be a static probability or may 

dependent on the current degradation level of the component. Such random failures can also be added 

to the models presented in chapter four, by extending the degradation probability distributions with a 

probability of a random failure. In the case that this random failure is independent of the current 

degradation level, this can be done by simply adding the probability a random failure occurs as a 

probability that a degradation amount equal to the failure threshold is incurred. In the other case, the 

probability distributions need to be adjusted to include a given degradation level. This is shown in the 

following equation:  

∑∑ ∑ 𝑝𝑚,𝑒,𝑟
𝑐 (𝑥|𝑖)

𝐹−𝑖−1

𝑥=0

𝑅

𝑟=1

𝐸

𝑒=1

+∑∑ ∑ 𝑝𝑚,𝑒,𝑟
𝑐

𝑋

𝑥=𝐹−𝑖

(𝑥|𝑖)

𝑅

𝑟=1

𝐸

𝑒=1

= 1                      ∀c ∈ C and m ∈ M Equation 9-3 

 

Depending on the component under consideration the probability that a random failure occurs can 

either increase or decrease with the degradation level. It has to be noted that a random failure 

dependent on degradation level is expected to significantly increase the computational time required to 

run the models.  

9.1.4 Replacement quality 
As discussed in section 1.4 another issue that can occur is the difference in replacement quality. The 

current models assume that after a replacement has occurred, the system is as-good-as-new. This 

should not necessarily be the case. Depending on the quality of the crew or on weather conditions it 

might be difficult to replace a component and as a result the component might start out in an already 

degraded state. This assumption can also be relaxed to allow for different starting degradation levels 

after replacements. To illustrate this consider the current situation in which the decision is made to 

replace a component preventively in the CBM policies. Then the expected future cost can be described 

by: 

∑𝑓𝑡+1
𝑐 (0, 𝑛)

𝑀

𝑛=1

 

 

Now let 𝑖𝑟 be the degradation level after replacement and let 𝐼𝑟  be the set of possible starting 

degradation levels after replacement (𝑖𝑟 ∈ 𝐼𝑟) then, considering a discrete distribution, the expected 

future cost when relaxing the as-good-as-new assumption can be described by: 

 

∑∑ 𝑝(𝑖𝑟) ∙

𝐼𝑟

𝑖𝑟=0

𝑀

𝑛=1

𝑓𝑡+1
𝑐 (𝑖𝑟 , 𝑛) 

 

In practice it might be hard to determine these probabilities and the corresponding starting degradation 

levels, but again the extension is presented here as it might be of interest for future developments. 
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9.1.5 Discounting 
The value of money decreases overtime. As the planning horizon increases incorporating discounting 

into the dynamic program can result in better estimates. This extension can also be simply added to the 

developed models by multiplying the expected future costs with a discounting factor 𝛽 as shown here: 

 

𝛽 ∙ 𝑓𝑡+1
𝑐 (𝑖, 𝑛) 

 

9.2 Computational efficiency  
One limitation of the stochastic dynamic programming modes is the computational time to determine 

the optimal policies. Many real life systems and components will result in large state spaces, thereby 

increasing the computational time significantly. It is therefore suggested to explore the possibility to 

increase computational efficiency by adjusting the algorithms developed in this thesis. On such method 

could be the use of preset thresholds. This method is based on the idea that human perception can be 

used to limit the amount of appropriate candidate decisions. By excluding decision making for a set of 

states, the computational time can be decreased. This method can be applied to the condition based 

maintenance models developed in this thesis. If the degradation level is very low then it does not make 

sense to replace the component. The opposite is also true; if the degradation level is very high then not 

replacing the component does not make sense. For both cases, the decisions can be preset decreasing 

the necessary computational time. 

 

Another method to increase the computational efficiency is the use a different or platform free coding 

language. Microsoft Excel is limited to the use of a single CPU. Computers usually have more than one 

CPU or to be more precise computers with 16 CPU’s are not uncommon. If a different coding language is 

used that can use multiple CPU’s than the expected computational time can decrease rapidly. 
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Appendix A: Diesel Electric Propulsion system 
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Appendix B: Operational mode probabilities 
 

 
 

The decision tree shows the probabilities of the vessel being in the harbor at stages 1, 2 and 3. As can be 

seen, at each stage increase the probabilities of the previous stage are multiplied with the probabilities 

of starting either in the harbor, in transit or in operations. Let  𝑤(𝑚𝑡 = 𝑛|𝑚1 = 𝑚)  be the 

probability of the vessel being in operational mode n at stage t if the operational mode at stage one is  

𝑚. Then the following equation can be used to determine the probabilities: 

𝑤(𝑚𝑡 = 𝑛|𝑚1 = 𝑚) =∑𝑞𝑚1(𝑧)

𝑀

𝑧=1

∙ 𝑤(𝑚𝑡−1 = 𝑛|𝑚1 = 𝑧) 

To determine the probabilities the following algorithm should be followed: 

a) 𝑠𝑒𝑡 𝑡 = 1, 𝑎𝑛𝑑 𝑤(𝑚1 = 𝑛|𝑚1 = 𝑚) = {
1      𝑓𝑜𝑟 𝑎𝑙𝑙 𝑛 = 𝑚
0             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

b) 𝑠𝑒𝑡 𝑡 = 𝑡 + 1 and compute the probabilities using equation…… for all  𝑛 ∈ 𝑀, 𝑚 ∈ 𝑀  

c) if t = N then stop otherwise return to step b.  

Stage 2 Stage 3 Stage 4 
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Appendix C: Results sheet tool 
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Appendix D: Extract operational mode database 
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Appendix E: Extract load database 
 

 

Figure E-1: Extract from the load database 
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Figure E-2: Three examples load diesel engines 
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Appendix F: Technical drawing centrifugal cooling fan 
 

 

 

 
Figure F-1: Technical drawing centrifugal cooling fan 

 

 
Figure F-2: Technical drawing electric motor 
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Appendix G: Optimal CBM  policies cooling fans 
 

 

 
Figure G-1: Optimal replacement policy with a spare part in stock 

 

 

 
Figure G-2: Optimal replacement policy without a spare part in stock 
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Appendix H: Optimal CBM  policies cylinder liners 
 

 
Figure H-1: Optimal replacement policy for cylinder liner 

 

 
Figure H-2: Optimal replacement policy for cylinder liner with twice the planning horizon 
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Appendix I: Input experimental design 
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Appendix J:  Replacement thresholds CBM redundancy policy  
 

1 

 

 

  

  

  
Figure J-1: Scaled replacement costs compared to harbor Figure J-2 Scaled replacement costs between the 

operational modes 
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` Figure J-3: Replacement policies for engine one under changing degradation rates 
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Figure J-4: Replacement policies for engine one under less time spend in harbor 

 


