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Abstract 
This master thesis project describes a research project that is carried out at the Customer Lifecycle 
Support department of Additive Industries in Eindhoven. The goal is to optimize the preventive 
maintenance plan of a metal additive manufacturing system. In this thesis, first the current customized 
maintenance concept of the company is evaluated. Based on this maintenance concept, we develop 
and implement a multi-item maintenance model that considers both unscheduled and scheduled 
downs of a machine as opportunities for preventive maintenance. We develop this model to assess 
when preventive maintenance is expected to lead to cost savings for a component. Furthermore, it 
guides towards the appropriate preventive maintenance policy for single components and the system 
as a whole. A case study shows how the implemented multi-item model generates a preventive 
maintenance planning. The usage of the multi-item model on the MetalFAB1 leads to potential cost 
savings of 20.4% when we maintain the preventive components of the case study under a preventive 
maintenance policy instead of a corrective maintenance policy, which a promising result for Additive 
Industries. 
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Executive summary 
The project of this master thesis has been conducted at Additive Industries B.V. in Eindhoven. This 
company is an Original Equipment Manufacturer (OEM) of integrated metal additive manufacturing 
systems, like the MetalFAB1. Next to developing and selling these systems, Additive Industries also 
executes maintenance of the installed machines at customers.  
 

Problem description  
High tech capital goods, such as additive manufacturing systems, are pieces of equipment with a long 
useful life that are used in the production processes of other products. A high availability of these 
systems is required by customers in order to utilize them optimally during production processes. In 
comparison to the past, customers more often consider the total cost of ownership (TCO) of certain 
investments in equipment rather than just the initial investment (Ellram, 1995). The cost of 
maintenance has a significant share in the TCO during the operational period. Additive Industries does 
not have a proper preventive maintenance planning for the MetalFAB1 implemented yet. An 
optimized preventive maintenance planning can contribute to system availability improvements and 
realization of cost reductions. This is the motivation for the company to develop an optimized 
maintenance planning for the MetalFAB1. This can be translated into the following research objective: 

“The development of an optimized preventive maintenance plan by making a detailed design of OEM 
maintenance for the MetalFAB1”  

Research  
To achieve our research objective, we divide the research into different steps. Peeters (2016) defines 
the maintenance objective for the MetalFAB1 and proposes a customized maintenance concept to 
develop an initial maintenance program in accordance with the maintenance objective. Decisions 
within this concept are based on literature and stakeholder input because Additive Industries just 
started setting up its service and support organization at that time. The first step in our research is to 
review this concept to make sure it is still a good representation of the maintenance environment of 
Additive Industries. Interviews with stakeholders serve as input for this review. From the evaluation 
of the proposed maintenance concept, we conclude that the maintenance objective of Additive 
Industries for the MetalFAB1 is still the same. Furthermore, we conclude that the proposed 
maintenance concept of Peeters (2016) is a good concept for the maintenance environment. This 
means that we can use the proposed maintenance concept as a basis for the rest of this project. 
 
The current maintenance concept divides maintenance into two groups based on the executor of it, 
either the customer or the OEM. In this research, we focus on maintenance executed by the OEM, 
which is called OEM maintenance. Peeters (2016) proposes a multi-item policy for OEM maintenance. 
In the second step of our research, we develop a conceptual design for the multi-item model, in which 
we define the broad outline of the model. The model of Zhu (2016) is choses as basis for this research 
because it is most suitable for the maintenance environment of the MetalFAB1. The model of Zhu 
(2016) is extended with missing aspects that are desired in the overall deliverable. 
 
Based on the conceptual design, we develop a solution approach that is elaborated in a detailed 
design. The mathematical model of Zhu (2016) divides the main problem at system level into sub-
problems at component level. The mathematical models at component level each calculate the 
average maintenance cost rate for one of the three maintenance policies. These policies are: failure 
based maintenance, usage based maintenance (UBM) and condition based maintenance (CBM). The 
CBM model of Zhu (2016) assumes continuous monitoring of CBM components, which in reality is not 
always possible. Therefore, we develop a new single-item model for CBM components of which the 
condition is determined through inspection. In the models, both scheduled and unscheduled downs 
of the machine are considered as opportunities for preventive maintenance. All single-item models 
are extended by including the average availability of a component during a maintenance cycle. 
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Application of the single-item models in the case study leads to potential cost savings for all 
components included in the case study that qualify for preventive maintenance. For three of the seven 
components of the case study that qualify for CBM, we conclude that the cost rate is lower under a 
UBM policy instead of a CBM policy.  
 
The mathematical model at system level uses an iterative solution approach, which makes use of the 
mathematical models at component level, to optimize 1) the control limits of condition based 
components, 2) the age limits of usage based components and 3) the maintenance interval for 
scheduled downs of the entire system. The model of Zhu (2016) is extended with 1) a time restriction 
on a maintenance visit and 2) by including the average availability of the complete system. This makes 
it possible to show the trade-off between preventive maintenance cost and availability of the system. 
The usage of the maintenance optimization model on the MetalFAB1 as a whole in the case study 
leads to potential cost savings of 20.4% when we maintain the preventive components of the case 
study under a preventive maintenance policy, which is a promising result for Additive Industries. 
Furthermore, we conclude that the optimal maintenance interval for scheduled downs is 6 months 
with a corresponding system availability of 99.0%. All in all can be concluded that the implemented 
multi-item models fit the maintenance environment of Additive Industries well and it is of great value 
to optimize maintenance policies of components. Furthermore, it is already very useful in practice. 
Additionally, the model can be used by other companies to generate a preventive maintenance plan 
for their high-tech capital assets. 
 

Recommendations  
Our research leads to multiple recommendations for Additive Industries. For an extensive explanation 
of the recommendations, we refer to Chapter 8: 
 
Implement our proposed maintenance model to generate a preventive maintenance plan for the 
MetalFAB1  
Our developed multi-item maintenance model should be used to optimize the preventive 
maintenance plan for the MetalFAB1. The results and solution we provide can help the management 
and customer lifecycle support department in defining the service contract, since it provides insight in 
the trade-off between preventive maintenance cost and availability of the machine.  
 
Record failure data accurately  
The mean time to failure (MTTF) of components have a high impact on the total preventive 
maintenance cost and the optimal maintenance interval. We recommend Additive Industries to let 
service engineers report each failed component in a document when they are on-site to replace it. 
This ensures that over time, more failure data will be available with which more accurate estimates 
can be made.  
 
Make better use of remote data for condition based maintenance purposes  
Additive Industries has access to a large amount of remote data from the MetalFAB1. Currently, the 
company is struggling to structure the data and make them useful for maintenance purposes. We 
recommend Additive Industries to make one person responsible for starting a project to structure this 
data and determine which data can be attributed to the degradation of components.  
 
Analyse the influence of machine productivity  
In this research, we develop one preventive maintenance plan for the MetalFAB1. However, for 
machines with a low productivity, it is probably not necessary to visit as many times as machines with 
a high productivity. Productivity is defined as the fraction of time that the machine is used in a time 
interval. We recommend Additive Industries to investigate the influence of the machine productivity 
on the optimal maintenance interval. This probably leads to different preventive maintenance plans 
for different productivity levels of machines.  



VI 

 
Carefully consider what maintenance policy is optimal for components  
The case study of this research shows that for three of the seven components that qualify for condition 
based maintenance (CBM), a usage based maintenance (UBM) policy results in the lowest cost rate. 
When the policy selection scheme of Peeters (2016) indicates a CBM policy for a component, we 
recommend Additive Industries to consider also a UBM policy. Especially when the condition of the 
component is not continuously monitored but discovered through inspection. 
 
Extend the analysis to components that are not critical to machine performance  
In our model, we assume that components are critical to machine performance. However, there are 
also less critical components for which preventive maintenance can result in cost savings. Therefore, 
we recommend Additive Industries to investigate what kind of maintenance policy is needed for these 
components.  
 
Extend the analysis to components with multiple degradation states 
Our model assumes that components have two condition states, either the component is operational 
or it is defect. For the MetalFAB1, there are also components with multiple condition states. We 
recommend Additive Industries to investigate how these components can be included in the multi-
item maintenance model.  
 

Academic relevance 
The multi-item maintenance model of Zhu (2016) is relatively new and not much tested in the field 
yet. This master thesis aims to contribute to the topic of opportunistic multi-item maintenance 
optimization. First, it does so by applying the model of Zhu (2016) in a company environment, where 
it is tested extensively. Second, the model is extended by including a single-item model for 
components of which the condition is determined through inspection. The CBM model of Zhu (2016) 
assumes continuous monitoring of CBM components, which in reality is not always possible. To check 
the accuracy of this new model, a new simulation procedure is developed. Third, all single-item models 
are extended by including the average availability of a component during a maintenance cycle. Fourth, 
the model on the system level is extended with a time restriction on a maintenance visit. When the 
time restriction is exceeded, an additional maintenance visit needs to be planned. A method to 
calculate the probability that a maintenance visit exceeds the time restriction is included in this thesis. 
Fifth, the model on the system level is extended by including the average availability of the complete 
system. Lastly, the multi-item model is not only useful for Additive Industries but can be used by other 
companies to generate a preventive maintenance plan for their high-tech capital assets. 
 

  



VII 

Preface 
On the 1st of February 2018, I started my journey of the final part of my master at the Eindhoven 
University of Technology within Additive Industries in Eindhoven at the Customer Lifecycle support 
department. From here on, the following nine months were spent at the company with the same 
excitement as the first meeting.  
 
I would like to use this opportunity to express my gratitude to several people that helped and 
supported me during my master thesis project. Without them, I would not have managed to 
successfully complete the thesis that lies in front of you. First of all, I would like to thank Rob Basten, 
my first supervisor. I really appreciated the great amount of feedback and the fast responses when I 
got stuck with a question. His constructive feedback and positive attitude helped me during the project 
and motivated me in times difficult problems arose. I also really liked the non-content related chats 
and discussions that we had. Then, my second supervisor, Simme Douwe Flapper. I would also like to 
thank him for his valuable comments on my work. 
 
Furthermore, I would like to thank Johnny Peeters and Martijn Hamers, my supervisors at Additive 
Industries, for the time and effort they have invested in my project. Our meetings and their critical 
thinking helped me to improve the quality of my thesis. From day one they were closely involved with 
the project and also supported me on bringing in my own ideas. 
 
I would like to thank Additive Industries for the given challenge and workspace they provided to me. 
This has contributed greatly to this thesis and my overall motivation. This appreciation also applies to 
my temporarily colleagues and other students. Everyone has been nice to me from the beginning; they 
really treated me as a worthy colleague. I would like to thank Ludo Verhoeven, Sebastiaan Hooijschuur 
and Lennart Eringfeld in particular for the useful discussions and help related to my research.  
 
When the previously mentioned support was all for my thesis, I would not have come this far without 
my family and friends. I would like to thank my fellow student Elke Mares, who has become a valuable 
friend for the rest of my life. Moreover, my friends from my hometown, Imke Dewaide and Britt 
Luijten, thank you for always being on my side. Finally, I owe many thanks to my family for providing 
me with the opportunity to complete my master and for supporting me during my entire study. Special 
thanks to my parents for their endless support and love, which helped me to pursue my goals.  
 
I am convinced that the past nine months were a valuable learning experience and a good preparation 
for the future. I thank all of you for your part in my journey. I hope that you will enjoy reading this 
report as much as I did writing it.  
 
Mila de Win  
Eindhoven, October 2018   



VIII 

Table of Contents 
List of definitions .............................................................................................................................. X 
List of abbreviations ....................................................................................................................... XII 
List of variables .............................................................................................................................. XIII 
List of figures ................................................................................................................................. XVI 
List of tables................................................................................................................................. XVIII 
1 Introduction .............................................................................................................................. 1 

1.1 Preventive maintenance as-is situation .............................................................................. 1 
1.2 Background of the problem ................................................................................................ 2 
1.3 Outline of the report .......................................................................................................... 3 

2 Research design ........................................................................................................................ 4 
2.1 Problem description ........................................................................................................... 4 

2.1.1 Research objective ..................................................................................................... 4 
2.1.2 Scope ......................................................................................................................... 6 

2.2 Research questions ............................................................................................................ 6 
3 Maintenance concept evaluation .............................................................................................. 9 

3.1 Maintenance objective ....................................................................................................... 9 
3.2 Maintenance concept ...................................................................................................... 10 
3.3 Discussion and conclusion ................................................................................................ 13 

4 Conceptual design ................................................................................................................... 14 
4.1 Planning strategy approaches........................................................................................... 14 
4.2 Must-haves ...................................................................................................................... 16 
4.3 Literature review on tactical multi-item maintenance models .......................................... 17 
4.4 Nice-to-haves ................................................................................................................... 19 
4.5 Assumptions .................................................................................................................... 21 
4.6 Discussion and conclusion ................................................................................................ 22 

5 Detailed design ....................................................................................................................... 23 
5.1 Corrective maintenance model ........................................................................................ 23 
5.2 Usage based maintenance model ..................................................................................... 24 
5.3 Condition based maintenance model for continuously monitored components ............... 25 
5.4 Condition based maintenance model for inspection components ..................................... 27 
5.5 Multi-item maintenance optimization .............................................................................. 29 
5.6 Determination of availability ............................................................................................ 31 
5.7 Probability visit exceeds time restriction .......................................................................... 32 
5.8 Implementation, verification and validation ..................................................................... 33 
5.9 Discussion and conclusion ................................................................................................ 33 

6 Input and output data handling .............................................................................................. 34 
6.1 General input values single-item maintenance models ..................................................... 34 

6.1.1 Parameters related to visit costs ............................................................................... 34 
6.1.2 Parameters related to machine downs ..................................................................... 36 

6.2 Component lifetime input values single-item maintenance models .................................. 37 
6.3 Input values multi-item maintenance model .................................................................... 38 
6.4 Output values .................................................................................................................. 38 
6.5 Data collection ................................................................................................................. 39 
6.6 Discussion and conclusion ................................................................................................ 40 

7 Case study MetalFAB1 ............................................................................................................ 41 
7.1 Single-item maintenance optimization ............................................................................. 41 

7.1.1 Input values usage based maintenance components ................................................ 41 
7.1.2 Input values condition based continuous components .............................................. 42 
7.1.3 Input values condition based inspection components ............................................... 42 
7.1.4 Results...................................................................................................................... 43 



IX 

7.2 Sensitivity analysis single-item models ............................................................................. 44 
7.2.1 UBM sensitivity analysis ........................................................................................... 45 
7.2.2 Continuous CBM sensitivity analysis ......................................................................... 45 
7.2.3 Inspection CBM sensitivity analysis ........................................................................... 46 

7.3 Multi-item maintenance optimization .............................................................................. 47 
7.3.1 Input values .............................................................................................................. 47 
7.3.2 Results...................................................................................................................... 47 

7.4 Discussion and conclusion ................................................................................................ 49 
8 Conclusions, limitations and recommendations...................................................................... 50 

8.1 Conclusions ...................................................................................................................... 50 
8.2 Limitations and future research directions ....................................................................... 51 
8.3 Recommendations for Additive Industries ........................................................................ 52 

References ...................................................................................................................................... 54 
Appendices ..................................................................................................................................... 56 

Appendix A Interview transcripts ............................................................................................. 56 
Appendix B Literature review .................................................................................................. 57 
Appendix C Wish-to-haves of model ........................................................................................ 64 
Appendix D Single-item usage based maintenance model ....................................................... 65 
Appendix E Single-item condition based maintenance model for continuously monitored 

components ......................................................................................................... 72 
Appendix F Single-item condition based maintenance model for inspection components ....... 78 
Appendix G Alternative maintenance strategy for CBM inspection components ...................... 93 
Appendix H Iteration algorithm UBM ....................................................................................... 95 
Appendix I Simulation procedure UBM ................................................................................... 96 
Appendix J Random coefficient model CBM Zhu (2016) .......................................................... 99 
Appendix K Simulation procedure CBM for continuously monitored components ................. 100 
Appendix L Simulation procedure CBM for inspection components ...................................... 103 
Appendix M Costs and duration parameters Additive Industries ............................................. 109 
Appendix N Distribution fitting for Component 12 ................................................................. 110 
Appendix O Verification of single-item maintenance models ................................................. 112 
Appendix P Validation of single-item maintenance models.................................................... 114 
Appendix Q Verification and validation UBM simulation ........................................................ 119 
Appendix R Verification and validation continuous CBM simulation ...................................... 121 
Appendix S Verification and validation inspection CBM simulation ........................................ 123 
Appendix T Cost vs. availability UBM components................................................................. 125 
Appendix U Sensitivity analysis for UBM model ..................................................................... 127 
Appendix V Cost vs. availability CBM continuous components ............................................... 130 
Appendix W Sensitivity analysis for continuous CBM model ................................................... 131 
Appendix X Cost vs. availability CBM inspection components ................................................ 134 
Appendix Y Sensitivity analysis for inspection CBM model ..................................................... 135 
Appendix Z Probability maintenance visit exceeds time restriction........................................ 138 
Appendix AA Multi-item maintenance model....................................................................... 140 
Appendix BB Verification of multi-item maintenance model ................................................ 144 
Appendix CC Simulation procedure multi-item maintenance ............................................... 146 
Appendix DD Sensitivity analysis multi-item maintenance model ......................................... 150 

 

  



X 

List of definitions 
 

Age based maintenance Usage based maintenance of which the maintenance interval 
depends on the age of a component (Arts, 2015). 

Age limit The predetermined threshold after which an age based 
maintenance component needs to be replaced preventively. 

Clustering Clustering entails the combination of preventive maintenance 
activities of usage based and condition based components with 
scheduled downs or unscheduled downs or both. 

Component cost Cost price of a component paid by Additive Industries to the 
supplier.  

Component lifetime The time from the start of usage of a component until the time 
the component fails according to a certain distribution. 

Component replacement time Total duration to replace and calibrate a component, excluding 
system recovery time. 

Control limit The predetermined threshold after which a condition based 
maintenance component needs to be replaced preventively.  

Corrective maintenance Maintenance carried out after the breakdown of a component to 
restore a failed system or component to its required performance 
level (Arts, 2015).  

Customer maintenance Maintenance performed by the operator of the machine. 

Downtime All the time the machine is unavailable for production due to 
planned and unplanned maintenance activities. 

Downtime costs Cost incurred by customers not able to produce during downtime. 

Expected cycle costs The long-term average service costs per maintenance cycle. 

Expected cycle length The long-term average cycle length of a maintenance cycle. 

Failure based maintenance Preventive maintenance conducted after a certain control limit is 
reached, based on the state of a component. Inspections to 
examine if these thresholds are reached can be based on 
continuous monitoring of data or based on periodical on-site 
inspection (Arts, 2015). 

Failure limit The threshold after which a condition based maintained 
component is regarded as failed. 

Failure rate The instantaneous expected number of failures per time unit at 
time t (Arts, 2015). 

Maintenance concept An approach to develop a preventive maintenance plan that 
considers all required maintenance actions.  

Maintenance cycle The interval between two consecutive maintenance actions for a 
component. 

Maintenance objective A clear definition of the goals and focus for maintenance. It is the 
reason why maintenance is done in the first place. It includes a 
vision, mission, and long-term goals for all maintenance activities 
and plans for a capital asset (Goossens, 2015).  

Maintenance plan The maintenance methods (either PM or CM) with corresponding 
cost per year and replacement intervals for all components in a 
machine together and the number of scheduled downs for a 
machine. 

Maintenance policy The maintenance method (either PM or CM) with corresponding 
cost per year and replacement interval on component level. 
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OEM maintenance Maintenance performed by Original Equipment Manufacturer 
(OEM) or a third party.  

Opportunity replacements Preventive maintenance actions performed together with 
corrective maintenance actions in order to save setup costs (Zhu, 
2015). 

Preventive maintenance Maintenance performed before the actual breakdown of a 
component. Can be divided in usage based and condition based 
maintenance (Arts, 2015). 

Setup costs Fixed costs per maintenance visit due to traveling and visit 
preparation 

System availability The fraction of time that the system is operational when required 
in a certain time interval and is determined by uptime and 
downtime. 

System productivity The fraction of time that the system is used in a certain time 
interval. 

Uptime Total time the machine is available for production, including both 
productive time and standby time. 

Usage based maintenance Preventive maintenance conducted after a certain threshold is 
reached based on usage, count or age, disregarding the actual 
state of the component (Arts, 2015). 

 



XII 

List of abbreviations 
 

CBM Condition based maintenance 

CM Corrective maintenance 

ECC Expected cycle cost 

ECL Expected cycle length  

FBM Failure based maintenance 

MTTF Mean time to failure 

OEM Original equipment manufacturer 

PM Preventive maintenance 

SD Scheduled down 

TCO Total cost of ownership 

UBM Usage based maintenance 

URS User requirements specification 

USD Unscheduled down 
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List of variables 
 

Variable Definition 

𝐴 Age limit of UBM component 

𝐶 Control limit of CBM component 

𝐶𝑆𝐷  Cost of a scheduled maintenance visit in euro 

𝐶𝑈𝑆𝐷  Cost of an unscheduled maintenance visit in euro 

𝐶𝐶𝐵𝑀  Cost of a condition based maintenance visit 

𝐶𝐶𝑀 Cost of a corrective maintenance visit in euro 

𝐶𝑖𝑛𝑠 Cost of a condition inspection in euro 

𝐶𝑡𝑟𝑠 Cost of transportation of a component to customer 

𝐶𝑐𝑝𝑛 Cost price component in euro 

𝐶𝑐𝑠𝑞  Cost of failure consequences in euro 

𝐶𝑠𝑎𝑙  Cost of the salary of the service engineer in euro per hour 

𝐶𝑠𝑦𝑠
𝑆𝐷  Losses due to scheduled down in euro per hour 

𝐶𝑠𝑦𝑠
𝑈𝑆𝐷  Losses due to unscheduled down in euro per hour 

𝐸𝐶𝐶 Expected cycle cost in euro 

𝐸𝐶𝐿 Expected cycle length in years 

𝐸𝑀𝑇 Expected maintenance time per cycle in years 

𝐹 Failure limit of CBM component 

𝐿𝐶𝑀  Penalty cost for CM replacement in euro 

𝐿𝑡𝑖𝑚𝑒  Penalty cost for exceeding time restriction in euro 

𝐿𝑡𝑖𝑚𝑒  Penalty cost for USD replacement in euro 

𝑁𝑐𝑝𝑛 Average number of components replaced during a scheduled down visit 

𝑁𝑟𝑆𝐷  Expected number of scheduled down visits before the control limit 

𝑁𝑟𝑈𝑆𝐷  Expected number of unscheduled down visit before the control limit  

𝑃𝑆𝐷  Probability that a component is replaced at scheduled down visit 

𝑃𝑈𝑆𝐷  Probability that a component is replaced at unscheduled down visit 

𝑃𝐶𝐵𝑀 Probability that a component is replaced at condition based maintenance visit 

𝑃𝐶𝑀 Probability that a component is replaced at corrective maintenance visit 

𝑃1
𝑆𝐷  Probability that a component is replaced during first SD visit after the control limit 

𝑃2
𝑆𝐷  Probability that a component is replaced during second SD visit after the control limit 

𝑃1
𝑈𝑆𝐷  Probability that a component is replaced during first USD visit after the control limit 

𝑃2
𝑈𝑆𝐷  Probability that a component is replaced during second USD visit after the control limit 

𝑃1
𝐶𝑀 Probability that a component is replaced during first CM visit after the control limit 

𝑃2
𝐶𝑀 Probability that a component is replaced during second CM visit after the control limit 

𝑃𝑡𝑟𝑠 Probability that a component is delivered to the customer via transport 

𝑃𝑙𝑎𝑡 Probability that a service engineer comes back later to replace component 

𝑃𝑟𝑒𝑝  Probability that a component is replaced immediately 

𝑃𝑡𝑖𝑚𝑒 Probability that a maintenance visit exceeds the time restriction 
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𝑃(𝑌) Probability of customer allowing a USD replacement 

𝑆𝐶𝑀  Setup costs for a corrective maintenance visit 

𝑆𝑆𝐷  Setup costs for a scheduled down visit 

𝑇𝑆𝐷  Duration of a scheduled maintenance visit in years 

𝑇𝑈𝑆𝐷  Duration of an unscheduled maintenance visit in years 

𝑇𝐶𝐵𝑀  Duration of a condition based maintenance visit in years 

𝑇𝐶𝑀  Duration of a corrective maintenance visit in years 

𝑇𝑟𝑠𝑝  Response time of service engineer in hours 

𝑇𝑟𝑒𝑝  Repair time of component in hours 

𝑇𝑟𝑒𝑐  Recovery time of the system in hours 

𝑇𝑐𝑎𝑙  Calibration time of component in hours 

𝑇𝑆𝐶𝑀
 Setup time for a corrective maintenance visit 

𝑇𝑆𝑆𝐷
 Setup time for a scheduled down visit 

𝑇𝐿  Time penalty for USD replacement 

𝑇𝐶  Time the component reaches its control limit C in years 

𝑇𝐹  Time the component reaches its failure limit F in years 

𝑇𝑈𝑆𝐷1 Time the first USD occurs after the control limit in years 

𝑇𝑈𝑆𝐷2 Time the second USD occurs after the control limit in years 

𝑢 Time of breakdown of a component in years (UBM model) 

𝑢 Time of TC in years (CBM models) 

𝑣 Time of TF in years (CBM models) 

𝑓(𝑢) Probability density function of the lifetime distribution of a UBM component 

𝑓𝑇𝐶
(𝑢) Probability density function of the passage time TC  

𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢) Conditional probability density function of the passage time TF 

𝑓𝑆𝐷(𝑣|𝑢) Condition probability density function of the occurrence of SDs within a time interval 

𝑔(𝑠) Probability density function of the exponential distribution with parameter 𝜆 

𝑔(𝑘) Probability density function of the exponential distribution with parameter 𝜆 

𝑋(𝑡) Degradation path CBM component 

𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  Cost per time unit for the condition based maintenance policy for continuous CBM 
components in euro per year 

𝑍𝐶𝐵𝑀_𝑖𝑛𝑠  Cost per time unit for the condition based maintenance policy for inspection CBM 
components in euro per year 
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𝛼 Weibull scale parameter 
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XV 

𝜇𝑖  Expected lifetime of component 𝑖 ∈ {𝐼𝑈𝐵𝑀 ∪ 𝐼𝐶𝐵𝑀 ∪ 𝐼𝐹𝐵𝑀} in years 

𝜉 Deviation of a renewal point from SD in years 

𝜏 Time between two scheduled downs in years 

𝜏𝐿𝐵 Lower bound time between two scheduled downs in years 

𝜏𝑈𝐵 Upper bound time between two scheduled downs in years 

 

  



XVI 

List of figures 
Figure 1: The road to predictive maintenance, retrieved from Nobre (2016) ...................................... 3 

Figure 2: Maintenance process of Goossens (2015) ........................................................................... 4 

Figure 3: Conceptual design of the maintenance concept, retrieved from Peeters (2016) .................. 5 

Figure 4: Conceptual design of the maintenance concept, retrieved from Peeters (2016) ................ 11 

Figure 5: Preventive maintenance planning spectrum, from Ramos Gaete (2018) ............................ 15 

Figure 6: Timeline of usage based maintenance model .................................................................... 24 

Figure 7: Three types of maintenance actions for UBM model: preventive maintenance at SD (A), 
preventive maintenance at USD (B), and corrective maintenance (C) ............................................... 25 

Figure 8: Timeline condition based maintenance model .................................................................. 25 

Figure 9: Three types of maintenance actions for CBM model: preventive maintenance at SD (A), 
preventive maintenance at USD (B), and CBM visit (C) ..................................................................... 26 

Figure 10: First and second maintenance moment with three types of maintenance actions for CBM 
inspection model: (A) first moment SD, (B) first moment USD, (C) first moment CM, (D) second 
moment SD, (E) second moment USD, and (F) second moment CM ................................................. 28 

Figure 11: Overview inspection CBM model ..................................................................................... 29 

Figure 12: Structure of multi-item system ........................................................................................ 30 

Figure 13: System availability........................................................................................................... 32 

Figure 14: Calculation system availability ......................................................................................... 32 

Figure 15: Overview output of the models ....................................................................................... 39 

Figure 16: UBM sensitivity analysis: Zubm vs. age limit .................................................................... 45 

Figure 17: Continuous CBM sensitivity analysis: Zcbm_con vs. control limit ..................................... 46 

Figure 18: Inspection CBM sensitivity analysis: Zcbm_ins vs. control limit ........................................ 46 

Figure 19: Results multi-item maintenance optimization ................................................................. 47 

Figure 20: Difference between UBM model with and without ξ ....................................................... 67 

Figure 21: UBM scenario 1 ............................................................................................................... 68 

Figure 22: UBM scenario 2.1 ............................................................................................................ 69 

Figure 23: UBM scenario 2.2 ............................................................................................................ 69 

Figure 24: UBM scenario 3.1 ............................................................................................................ 70 

Figure 25: UBM scenario 3.2 ............................................................................................................ 70 

Figure 26: CBM continuous scenario 1.1 .......................................................................................... 74 

Figure 27: CBM continuous scenario 1.2 .......................................................................................... 75 

Figure 28: CBM continuous scenario 2.1 .......................................................................................... 76 

Figure 29: CBM continuous scenario 2.2 .......................................................................................... 76 

Figure 30: CBM inspection scenario 1.1a ......................................................................................... 81 

Figure 31: CBM inspection scenario 1.1b ......................................................................................... 81 

Figure 32: CBM inspection scenario 1.2a ......................................................................................... 82 

Figure 33: CBM inspection scenario 1.2b ......................................................................................... 83 

Figure 34: CBM inspection scenario 1.3 ........................................................................................... 83 

Figure 35: CBM inspection case 2.1a ................................................................................................ 84 

Figure 36: CBM inspection scenario 2.1b ......................................................................................... 85 

Figure 37: CBM inspection scenario 2.2a ......................................................................................... 86 

Figure 38: CBM inspection scenario 2.2b ......................................................................................... 86 

https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521873
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521877
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521877
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521878
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521879
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521879
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521880
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521880
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521880
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521881
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521882
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521883
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521885
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521886
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521887
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521888
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521889
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521890
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521900


XVII 

Figure 39: CBM inspection scenario 2.3a ......................................................................................... 87 

Figure 40: CBM inspection: scenario 2.3b1 (A), scenario 2.3b2 (B) ................................................... 88 

Figure 41: CBM inspection scenario 2.3c .......................................................................................... 89 

Figure 42: CBM inspection scenario 2.4a ......................................................................................... 90 

Figure 43: CBM inspection scenario 2.4b ......................................................................................... 91 

Figure 44: CBM inspection scenario 2.4c .......................................................................................... 92 

Figure 45: Iteration algorithm for variable q of Zhu (2016) ............................................................... 95 

Figure 46: Simulation procedure UBM model of Zhu (2016) ............................................................. 98 

Figure 47: Simulation procedure CBM model of Zhu (2016) ........................................................... 102 

Figure 48: Degradation path 1 Component 12 ............................................................................... 110 

Figure 49: Degradation path 2 Component 12 ............................................................................... 110 

Figure 50: Fitted Weibull distribution on degradation slopes Component 12 ................................. 111 

Figure 51: Equal optimal age limit availability maximization vs. cost minimization UBM ................ 125 

Figure 52: Different optimal age limit availability maximization vs. cost minimization UBM ........... 126 

Figure 53: Sensitivity analysis UBM: Zubm vs. lambda.................................................................... 127 

Figure 54: Sensitivity analysis UBM: Zubm vs. P(Y) ......................................................................... 127 

Figure 55: Sensitivity analysis UBM: Zubm vs. tau .......................................................................... 128 

Figure 56: Sensitivity analysis UBM: Zubm & Zfbm vs. beta ............................................................ 129 

Figure 57: Different optimal control limit availability maximization vs. cost minimization CBM 
continuous .................................................................................................................................... 130 

Figure 58: Sensitivity analysis continuous CBM: Zcbm_con vs. lambda ........................................... 131 

Figure 59: Sensitivity analysis continuous CBM: Zcbm_con vs. P(Y) ................................................ 131 

Figure 60: Sensitivity analysis continuous CBM: Zcbm_con vs. tau ................................................. 132 

Figure 61:Sensitivity analysis continuous CBM: Zubm & Zfbm vs. beta ........................................... 133 

Figure 62: Different optimal control limit availability maximization vs. cost minimization CBM 
inspection ..................................................................................................................................... 134 

Figure 63: Sensitivity analysis inspection CBM: Zcbm_ins vs. lambda ............................................. 135 

Figure 64: Sensitivity analysis inspection CBM: Zcbm_ins vs. P(Y)................................................... 135 

Figure 65: Sensitivity analysis inspection CBM: Zcbm_ins vs. tau .................................................... 136 

Figure 66: Sensitivity analysis inspection CBM: Zcbm_ins & Zfbm vs. beta ..................................... 137 

Figure 67: Heuristic algorithm multi-item maintenance model of Zhu (2016) ................................. 143 

Figure 68: Simulation procedure multi-item maintenance model of Zhu (2016) ............................. 149 

Figure 69: Sensitivity analysis multi-item model: Zsys vs. Ssd ......................................................... 150 

Figure 70: Sensitivity analysis multi-item model: time restriction ................................................... 151 

Figure 71: Sensitivity analysis multi-item model: mean time to failure ........................................... 151 

 
 
  

https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521915
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521916
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521918
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521919
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521920
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521921
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521922
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521927
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521927
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521928
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521929
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521930
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521932
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521932
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521937
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521939
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521940
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521941


XVIII 

List of tables 
Table 1: Scope of the research ........................................................................................................... 6 

Table 2: Input values UBM components........................................................................................... 41 

Table 3: Input values continuous CBM components ......................................................................... 42 

Table 4: Input values customer inspection CBM components .......................................................... 42 

Table 5: Input values inspection CBM components .......................................................................... 42 

Table 6: Results UBM components .................................................................................................. 43 

Table 7: Results continuous CBM components ................................................................................. 43 

Table 8: Results inspection CBM components .................................................................................. 43 

Table 9: Input values FBM components ........................................................................................... 47 

Table 10: Results multi-item UBM components ............................................................................... 48 

Table 11: Results multi-item CBM components ................................................................................ 48 

Table 12: Maintenance environment of Additive Industries ............................................................. 58 

Table 13: Multi-item maintenance models....................................................................................... 60 

Table 14: Variables for UBM component ......................................................................................... 65 

Table 15: Variables for CBM continuous component ........................................................................ 72 

Table 16: variables CBM inspection component ............................................................................... 78 

Table 17: Different input values UBM simulation ............................................................................. 96 

Table 18: Different input values continuous CBM simulation ......................................................... 101 

Table 19: Different input values inspection CBM simulation .......................................................... 104 

Table 20: Simulation procedure CBM inspection components........................................................ 105 

Table 21: Slope of seconds per year ............................................................................................... 110 

Table 22: Verification usage based maintenance model ................................................................. 112 

Table 23: Verification condition based maintenance model for continuously monitored    
components .................................................................................................................................. 113 

Table 24: Verification condition based maintenance model for inspection components ................ 113 

Table 25: Input data Component 10 .............................................................................................. 114 

Table 26: Validation usage based maintenance model ................................................................... 114 

Table 27: Input data Component 12 .............................................................................................. 115 

Table 28: Validation condition based maintenance model for continuously monitored       
components .................................................................................................................................. 116 

Table 29: Input data Component 17 .............................................................................................. 117 

Table 30: Validation condition based maintenance model for components that require an   
inspection ..................................................................................................................................... 117 

Table 31: Verification UBM simulation ........................................................................................... 119 

Table 32: Validation UBM simulation ............................................................................................. 120 

Table 33: Verification continuous CBM simulation ......................................................................... 121 

Table 34: Validation continuous CBM simulation ........................................................................... 122 

Table 35: Verification inspection CBM simulation .......................................................................... 123 

Table 36: Validation inspection CBM simulation ............................................................................ 124 

Table 37: Influence cost parameters on Zubm ............................................................................... 128 

Table 38: Influence cost parameters on Zcbm_con ........................................................................ 132 

https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521943
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521946
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521947
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521948
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521949
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521950
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521951
https://tuenl-my.sharepoint.com/personal/m_m_d_win_student_tue_nl/Documents/Master%20thesis/INLEVEREN/MasterThesis_MMdeWin_PUBLIC.docx#_Toc526521952


XIX 

Table 39: Influence cost parameters on Zcbm_con for customer inspection components .............. 133 

Table 40: Influence cost parameters on Zcbm_ins ......................................................................... 136 

Table 41: Calculation probability exceeding time restriction .......................................................... 139 

Table 42: Variables for multi-item maintenance model .................................................................. 140 

Table 43: Input parameters for multi-item maintenance model ..................................................... 144 

Table 44: Output values multi-item maintenance model................................................................ 144 

Table 45: Details of solution Zhu (2016) ......................................................................................... 145 

Table 46: Different input values multi-item simulation .................................................................. 147 

 
 



1 

1 Introduction 
This master thesis is the result of the final project for the fulfilment of the requirements for the degree 
of Master of Science in Operations Management and Logistics. The goal of this thesis is to present the 
results of a graduation project at Additive Industries B.V. 
 
Additive Industries, founded in 2012, is dedicated to bringing metal additive manufacturing for 
functional parts from lab to fab by offering a modular 3D printing system and a seamlessly integrated 
information platform to high-end and demanding industrial markets. With substantially improved 
reproducibility, productivity, and flexibility, Additive Industries redefines the business case for additive 
manufacturing applications in aerospace, automotive, medical technology and high-tech equipment. 
Additive Industries designs and manufacturers integrated metal additive manufacturing machines, like 
the MetalFAB1. The MetalFAB1 is a complex capital good that is intended to be used in an industrial 
production environment for the production of metal parts. The MetalFAB1 delivers the possibility to 
integrate the 3D printing process with heat treatment, automated build plate handling, and build plate 
storage. This design allows customers to assemble their own machine according to their own 
preferences. Multiple processes are combined into a single machine that results in reduced manual 
labour, improved product consistency and quality, and increased operator safety. The software 
platform that is developed by the company is called The Additive World Platform. This platform can 
store and analyse data of the machine to improve the 3D metal printing workflow. It can be used for 
preparing cost price calculations, the scheduling of build plates across different machines and 
providing insights into machine planning and production queues.  
 
Next to developing and selling the MetalFAB1 systems, Additive Industries also executes maintenance 
(preventive and corrective) of the installed machines at customers. The company desires an 
appropriate preventive maintenance plan for the machines. This master thesis project will contribute 
to the development of an optimized preventive maintenance plan.  
 
This chapter starts with the current preventive maintenance situation at Additive Industries, also 
called the “as-is situation” in Section 1.1. Next, background information of the problem is discussed in 
Section 1.2. Lastly, the outline of the report is defined in Section 1.3. 

1.1 Preventive maintenance as-is situation 
After the installation of a new machine at the customer, the customer enters into a one-year warranty 
period. After that, service contracts will be arranged to agree upon the (preventive) maintenance of 
the machine. Therefore, Additive Industries remains responsible for the availability of the machine. A 
high availability of these machines is essential to avoid lost revenues and customer dissatisfaction. 
Currently, Additive Industries has customers in multiple countries in Europe and in The United States 
of America. The company expects to sell a high number of machines in the near future in multiple 
countries all over the world. At this moment, Additive Industries is still learning a lot from its sold 
machines and therefore visits them often. Maintenance is performed during one of these visits 
according to reactive maintenance, so a component is replaced when it has failed.  
 
At this moment, there is no preventive maintenance plan for the MetalFAB1, but the need for it is 
increasing because of the high number of machines in the near future. Additive Industries does not 
have a specific problem at this moment, but a more general problem, namely the absence of an 
optimized preventive maintenance plan for the MetalFAB1. This master thesis project will introduce 
preventive maintenance, both usage based and condition based for the MetalFAB1. The machine 
contains sensors that generate a lot of data; this data gives information about the failure behaviour 
of components that serve as input for the preventive maintenance plan. Sensors in the machine can 
give us information about the actual condition of components, including the sensors themselves. At 
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this moment, it is not clear how this sensor data can be linked to the condition of a component and in 
which condition a component fails. In order to say something about the moment of failure of a 
component, information about failure behaviour is needed. Currently, there is data available about 
the failure behaviour of components, among others, collected through sensors, but this data is limited 
because the MetalFAB1 is relatively new. 

1.2 Background of the problem 
High tech capital assets are pieces of equipment with a long useful life. Capital assets are not intended 
for sale in the regular course of business’ operation but are used in production processes to make 
other products or services. Examples of capital assets are buildings, medical systems, and additive 
manufacturing systems. Compared to the past, customers more often consider the total lifecycle cost 
of a certain investment in equipment rather than just the initial investments (Ellram, 1995). For 
customers, the total lifecycle cost is best captured by the term total cost of ownership (TCO). TCO is 
an estimate of all direct and indirect costs associated with a product/service along its lifecycle. Van 
Houtum & Kranenburg (2015) state in their paper that acquisition costs, maintenance costs, and 
downtime costs account each for around one-third of the TCO for capital assets. While Öner et al. 
(2007) estimate that the cost of maintenance and unavailability of a capital asset over its lifetime, are 
three to four times the acquisition price for a specific capital asset. Maintenance of an additive 
manufacturing system is not different from other high-tech capital assets, because it is also a complex 
system with a high number of components that can fail. 
 
Most equipment is unreliable in the sense that it degrades with age and/or usage and fails when it is 
no longer capable of delivering the products and services. When a complex system fails, it can have 
serious consequences like huge economic losses. Keeping capital assets up and running is of critical 
importance, which is a costly business. Through proper corrective maintenance, one can restore a 
failed system to an operational state by actions such as repair or replacement of failed components 
that caused failure of the system. The occurrence of failures can be controlled through maintenance 
actions, including preventive maintenance, inspection, condition monitoring and design-out 
maintenance. The latter one is somewhat conflicting whether it is a maintenance action or not 
because you design-out maintenance problems so there is no need for maintenance anymore. With 
good design and effective preventive maintenance actions, the likelihood of failures and their 
consequences can be reduced but failures can never be totally eliminated (Kobbacy & Murthy, 2008).  
 
It is therefore that companies that own such capital assets require a good preventive maintenance 
plan with minimal maintenance and downtime costs. An optimized preventive maintenance plan for 
a capital asset could increase system availability and decrease costs at the same time. System 
availability can be defined as the fraction of time that the system is operational when required (or 
available for production) in a certain time interval and is determined by uptime and downtime. Uptime 
is the time that a system can perform its intended function. Downtime, on the other hand, covers the 
time that the system cannot perform its intended function and, among others, includes the time for 
maintenance, repair and recovery.  
 
As a company you want to replace an item just before it fails, because you want to prevent an 
unexpected system failure on the one hand and want to make optimal use of the components lifetime 
on the other hand. It would be ideal if the moment of failure is known, which is not the case in reality 
unfortunately. Researchers are trying to predict this moment of failure for decades. The road to reach 
predictive maintenance consists of multiple steps that are shown in Figure 1. The first step in the 
process is reactive maintenance, in which a component is replaced when it has failed. The second step 
in the process starts with replacing a component before it fails. The decision to replace a component 
is based on passed time or usage. The next level in the process is the use of condition based 
maintenance, which considers the actual condition of a component. The actual condition can be 
determined either periodically during inspections or continuously through sensors. The last step is 
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predictive maintenance that uses either continuous or periodic monitoring of the component’s 
condition to improve operating efficiency. Besides minimizing downtime, predictive maintenance also 
maximizes uptime.  

 
 

 

 

 

 

 

 

 

 

Figure 1: The road to predictive maintenance, retrieved from Nobre (2016) 

The importance of availability of capital assets is one of the reasons why a shift from goods orientation 
to a service orientation has been witnessed (Vargo & Lusch, 2008). As a result, more and more service 
level agreements are arranged between system customers and system manufacturers. In such a 
contract, agreements about minimum system availability, maximum response time, and ownership 
during the contract, etc. are made. The responsibility of the performance of the machine is (partly) 
moved from the user of the machine to the OEM. 

1.3 Outline of the report 
The outline of the report is as follows. Chapter 2 presents the research design of the project in which 
we define the problem of Additive Industries and discuss the research questions. Subsequently, in 
Chapter 3 we answer the first research question: “What changes of the proposed maintenance concept 
for the MetalFAB1 are needed to ensure that it still matches the maintenance environment?” In this 
chapter, we evaluate the proposed maintenance concept for the MetalFAB1 and adjust it where 
necessary. The second research question: “Which multi-item maintenance model is most suitable for 
the MetalFAB1?” is answered in Chapter 4 and 5. We start with the conceptual design of the multi-
item maintenance model in Chapter 4. Based on this conceptual design, we develop a solution 
procedure in the detailed design in Chapter 5. The following chapter, Chapter 6, answers the third 
research question: “Which data are needed as input for the multi-item model and how can these data 
be collected?”. This chapter discusses the data requirements for the multi-item maintenance model 
presented in Chapter 5. It also discusses the output values of the model and the collection of data. 
Research Question 4: “How can the developed multi-item maintenance model be used in practice for 
the MetalFAB1?” is answered in Chapter 7. The model of Research Question 2 in combination with the 
data that is defined and collected in Research Question 3 are used to show how a preventive 
maintenance plan is generated in a case study. Lastly, we provide the conclusions, limitations and 
recommendations in Chapter 8. 
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2 Research design 
This chapter presents the design of the research. It starts with the problem description in Section 2.1, 
followed by the discussion of the research questions in Section 2.2. 

2.1 Problem description 
This section describes the problem of Additive Industries that will be investigated in this master thesis 
project. The problem description is divided into two sections. The first Section, 2.1.1, describes the 
objective and relevance of this research. The second Section, 2.1.2, discusses the scope of the 
research. 

2.1.1 Research objective 
Customers demand a high availability of their system during its usage period, in order to utilize it 
optimally in their business. To achieve the availability targets at the lowest cost, Additive Industries 
wants an optimized preventive maintenance plan that has an optimized maintenance interval with 
the lowest corresponding cost. A preventive maintenance plan for a machine defines what 
maintenance action is executed and when it is executed. A maintenance action is necessary for 
retaining or restoring material to the specified operable condition. It includes inspection, testing, 
servicing,, repair, rebuilding, and reclamation. The maintenance process consists of six steps according 
to Goossens (2015), which are shown in Figure 2. He states that the maintenance of technical assets 
can be split up into several tiers, ranging from strategic level to operational level. Peeters (2016) has 
started with the first three steps of the maintenance process for Additive Industries. He defined the 
maintenance objective for the MetalFAB1 and developed a customized maintenance concept, that is 
divided in a conceptual and detailed design, to develop an initial preventive maintenance plan in 
accordance with the maintenance objective. Finally, he proposed a maintenance policy selection 
scheme for the MetalFAB1 and selected for each maintenance critical item the optimal individual 
maintenance policy. A maintenance concept is an approach to develop a preventive maintenance plan 
that considers all required maintenance actions. Decision support is provided on tactical maintenance 
decision to reach the strategic objective (Goossens, 2015). 

Maintenance 
objective

Maintenance 
concept

Maintenance 
policy

Maintenance 
approach

Maintenance 
execution

Maintenance 
performance

 
Figure 2: Maintenance process of Goossens (2015) 

This master thesis project builds further on the work of Peeters (2016) and contributes to an optimized 
preventive maintenance plan for the MetalFAB1. The customized maintenance concept for the 
MetalFAB1 consists of two sequential stages, see Figure 3. The first stage selects the optimal 
maintenance policy for each item, followed by the selection of the maintenance executor, either the 
customer or a service engineer from Additive Industries. Based on the maintenance executor of the 
first stage, the second stage distinguishes two types of maintenance, either customer (module 2) or 
Original Equipment Manufacturer (OEM) maintenance (module 3). For each component that is part of 
the category customer maintenance, the single-item policy is elaborated and the optimal maintenance 
interval is calculated. After this, the opportunity to cluster maintenance actions of components into 
groups is considered. For OEM maintenance, a multi-item model is elaborated that determines the 
optimal maintenance interval for the complete system. This is in line with Waeyenbergh & Pintelon 
(2004), who concluded that the maintenance concept should be customized; i.e. it should take into 
account all relevant factors of the situation on-hand. In this way, it will be tailored to the needs of the 
company. Decisions in the customized maintenance concept were based on literature because there 
was not much information available about the real situation. Nowadays, more information about 
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maintenance is available within Additive Industries. This gives us the opportunity to check whether 
the proposed maintenance concept is representative for the real situation, see the green shaded 
square in Figure 3. Because this master thesis project develops a preventive maintenance plan, the 
maintenance concept that is used in this project must be a good representation of the situation of 
Additive Industries. Otherwise the developed preventive maintenance plan for the MetalFAB1 will not 
be optimal for the MetalFAB1.   

Peeters (2016) has already made a detailed design of the first stage of the maintenance concept, in 
which he develops a maintenance policy selection scheme for the MetalFAB1. The preventive 
maintenance plan for the MetalFAB1 can be further developed by a detailed design of the second 
stage of the maintenance concept that considers single-item models and clustering for customer 
maintenance (module 2) and multi-item models for OEM maintenance (module 3). In this thesis, we 
will focus on the development of a detailed design of module 3, marked with a pink shaded square in 
Figure 3. This detailed design develops a multi-item model that determines the optimal maintenance 
interval for the complete system. The MetalFAB1 is a complex machine with multiple components, 
which may or may not depend on each other. Most models in literature consider only a single 
component for which maintenance is optimized, while multi-item models optimize maintenance for 
the complete system. Multi-item models are different from single-item models because components 
in a system can have structural, economic or stochastic interdependence, which make them often 
harder to solve (Wang & Pham, 2006). 
 
The failure behaviour of components serves as input for maintenance optimization models. A failure 
is defined as “…reaching a state such that the intended function of the part or system can no longer 
be fulfilled” (Tinga, 2013). Failure behaviour is a process that leads to degradation of a component, 
and eventually to failure.  The failure behaviour of an entire system can be complex because each 
individual component can have multiple failure modes, which is the type of failure that occurs, and 
underlying failure mechanisms, which is the reason why a failure occurs. All these components have 
probably inter-dependencies and inter-relations with each other, which makes it even more complex 
(Pintelon et al., 1997). Information about the failure behaviour of components of the MetalFAB1 is 
necessary to develop an optimized preventive maintenance plan for the MetalFAB1. Considering all 
the different parts that are discussed in this section, the following research objective is determined:  

“The development of an optimized preventive maintenance plan by making a detailed design of OEM 
maintenance for the MetalFAB1” 

Currently, there is not an optimized preventive maintenance plan for the MetalFAB1. The machines 
are visited often by service engineers, during these visits maintenance is performed. The high visit 

Figure 3: Conceptual design of the maintenance concept, retrieved from Peeters (2016) 
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frequency is possible because the number of machines is limited at this moment. Additive Industries 
is planning to sell a lot more machines in the near future and wants to visit them less often by providing 
remote support when a problem arises instead of a visit. Some components still need to be replaced 
by service engineers of Additive Industries. For these components, a maintenance plan with an 
optimal maintenance interval is required. An optimized preventive maintenance plan will decrease 
maintenance costs and increase system availability at the same time for the MetalFAB1. 

2.1.2 Scope 
To make clear what is included in the research and what is not, the scope is discussed in this section.  
As discussed before, the maintenance concept serves as basis for this project and must fit the 
maintenance environment of Additive Industries. Therefore, the current maintenance concept is 
evaluated, and revised if necessary. Next, a multi-item maintenance model is developed for OEM 
maintained components of the MetalFAB1, which is implemented, validated and verified. Finally, the 
applicability of the developed model for Additive Industries is shown with the help of a case study in 
which the generation of a preventive maintenance plan is shown for a subset of components.  
 
Because of time restrictions and complexity, it is not possible to include everything in this research. 
The generation of a preventive maintenance plan cannot be developed for all components in the 
machine but for a subset of components that are defined in the case study. Spare parts logistics is not 
considered in this research due to complexity reasons. We assume that spare parts are always 
available if maintenance actions are performed. Furthermore, the planning of service engineers and 
tools is left out of scope since these do currently not cause major problems and would make the 
problem very complex otherwise. An overview of the items that are in and out of scope is shown in 
Table 1. 

Table 1: Scope of the research 

In scope Out of scope 

A review of the current maintenance concept 

Development of a multi-item maintenance 
model for OEM maintained components of the 
MetalFAB1 

Implementation of the developed multi-item 
maintenance model 

Validation and verification of the implemented 
multi-item maintenance model 

The applicability of the implemented multi-item 
maintenance model in practice for Additive 
Industries is shown with a case study 

Spare parts logistics 

Planning of service engineers 

Planning of tools 

2.2 Research questions 
In this section, we formulate the research questions, which are based on the research objective that 
is discussed in Section 2.1.1. For each research question, the methodologies that are used to answer 
the question are discussed. The main research question is defined as follows: 

“What is the best preventive maintenance plan for the MetalFAB1?” 

It is important for Additive Industries to ensure a high availability and performance of its machine 
because customers require this. An optimized preventive maintenance plan can accomplish this since 
it can help to increase uptime and prevent downtime (Rausand, 1998). Two years ago, Peeters (2016) 
started with a preventive maintenance plan and delivered the maintenance concept that is discussed 
in Section 2.1.1. He elaborated a detailed design for the first stage of this concept. This project will 
continue with the development of a preventive maintenance plan for the MetalFAB1. The project aims 



7 

to develop a detailed design for the second stage, maintenance policy specification, of the 
maintenance concept of Peeters (2016) and delivers a multi-item maintenance model that can 
generate a preventive maintenance plan for the MetalFAB1. We are looking for a way to generate the 
best preventive maintenance plan for the machine. This best plan is not necessarily the most effective 
plan. The exact definition of “best” will also be defined in the main research question. The rest of this 
chapter introduces research questions. Answers on these questions will help to answer the main 
research question in the end. 
 
First, the current maintenance concept needs to be reviewed to make sure that it is still best for the 
maintenance environment of Additive Industries. A maintenance concept is defined by Goossens 
(2015) as a structured way to plan and control the various maintenance policies and actions, as well 
as to improve the applied maintenance actions and policies. It provides decision support on tactical 
maintenance decisions to reach the strategic objective. The first research question (RQ) is as follows: 

RQ1: “What changes of the proposed maintenance concept for the MetalFAB1 are needed to ensure 
that it still matches the maintenance environment?” 

The maintenance concept is inspired by the maintenance objective that according to Goossens (2015) 
should be in line with the company’s strategy and vision. It involves a vision, mission, and long-term 
goals for all maintenance activities and plans for a capital asset and is generally defined in terms of 
financial, technical or customer service targets. Two years ago, Peeters (2016) determined a 
maintenance objective through interviews with stakeholders. At that moment, Additive Industries just 
started setting up its service and support organization that is responsible for maintenance of the 
MetalFAB1 systems. Nowadays, the service and support department has experience with the 
execution of maintenance. The research objective is probably still the same, but it is possible that it 
has changed through experience. The first step to answer this research question is to check if the 
maintenance objective is still the same. This can be done by interviewing relevant stakeholders. 
Together with the maintenance objective, the maintenance concept needs to be checked as well. 
Peeters (2016) decided to make a new customized conceptual model for the MetalFAB1 and divided 
maintenance into two groups based on the executor of it, either the customer or the Original 
Equipment Manufacturer (OEM). The choice of Peeters (2016) to divide maintenance based on the 
executor of it is based on literature because there was no experience with maintenance at that 
moment. As discussed before, the experience of Additive Industries with maintenance has increased, 
so it needs to be checked whether maintenance in the current situation is also divided based on the 
executor of it. This check will be done together with stakeholders. The maintenance objective and 
maintenance concept can be checked together in one interview. With this information, the current 
maintenance concept is reviewed if it still matches the maintenance environment. If this is true, the 
proposed maintenance concept will be used for the rest of the project. If the proposed maintenance 
concept is not a good representation of the maintenance environment, it will be extended and/or 
changed. Chapter 3, in which the maintenance concept of Peeters (2016) is evaluated, concludes that 
the division between operator and OEM maintenance is still the best way to distinguish maintenance. 
This means that we can focus on the OEM module in the rest of this report.  
 
The current maintenance concept proposes different maintenance optimization models, like single-
item policies, clustering, and multi-item policies. Maintenance optimisation consists in broad terms of 
mathematical models aimed at finding either the optimum balance between costs and benefits of 
maintenance or the most appropriate moment to execute maintenance (Dekker & Scarf, 1998). In 
order to further develop the preventive maintenance plan, we need to investigate how these models 
can be applied in the maintenance concept. Peeters (2016) developed a maintenance policy selection 
scheme that selects the optimal maintenance policy for each component. It is possible to optimize the 
maintenance policy for each component separately, but single-item maintenance models rarely 
remain optimal in multi-item systems (see, e.g., Thomas, 1986). This is because one has to deal with 
the economic, structural, or stochastic dependencies among components in the system. Models that 
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consider systems consisting of many pieces of equipment, which may or may not depend on each 
other, are called multi-item maintenance models (see, e.g., Cho & Parlar, 1991). The MetalFAB1 of 
Additive Industries is such a multi-item system, which leads to the second research question: 

RQ2: “Which multi-item maintenance model is most suitable for the MetalFAB1?” 

Multi-item maintenance models optimize maintenance policies for both individual parts and the 
system as a whole. Multi-item maintenance models can be divided into group maintenance models 
and opportunistic maintenance models (Wang & Pham, 2006). In order to decide which type of model 
is most suitable for the MetalFAB1, an analysis is performed of existing multi-item maintenance 
models in literature. The available models are compared with the maintenance environment of the 
MetalFAB1 and the best model is selected. The maintenance environment of the machine is 
determined with the help of the Customer Lifecycle Support team, who is responsible for 
maintenance. Possible adjustments will be made to match the model to the maintenance environment 
of the MetalFAB1. For example, system availability is important for Additive Industries but most 
models’ objective is cost minimization. In order to fit the model to the situation of Additive Industries, 
an availability constraint could be added. Next, the model is formulated mathematically and 
programmed in Matlab. Because of time restrictions, the implementation of this model into a tool is 
left out of scope for this project. Lastly, the model is validated and verified to make sure that the 
model meets requirements and specifications and that it fulfils its intended purpose. 
 
The chosen multi-item maintenance model needs data as input. The MetalFAB1 is a complex machine 
with multiple components that have each their own optimal maintenance policy. Each maintenance 
policy requires its own type of input data that can be collected in different ways. To make sure that 
the right data is collected, the third research question is as follows: 

RQ3: “Which data are needed as input for the multi-item model and how can these data be 
collected?” 

Each individual maintenance policy requires data about the failure behaviour of components. Additive 
Industries wants to minimize customer visits of service engineers by offering remote service and 
support. The machine continuously stores data that is generated by all kind of sensors in the machine. 
The monitored data can give deeper insight on system performance, system health and root cause of 
failures, along with forecasting the remaining useful life of the system or a subsystem (Prajapati et al., 
2012). The developed model of Research Question 2 needs input data to generate an optimized 
preventive maintenance plan. This research question will define what input data is needed for the 
model of Research Question 2, which is used in the case study of Research Question 4. Furthermore, 
the output values of the model are discussed. For the input data that is not available yet, we will define 
what kind of data needs to be collected in the future. 
 
To show how the multi-item maintenance model that is developed in Research Question 2 generates 
a preventive maintenance plan for the MetalFAB1, the fourth research question is as follows: 

RQ4: “How can the multi-item maintenance model be used in practice for the MetalFAB1?” 

This research question makes use of the model that is developed and implemented in Research 
Question 2 in combination with the data that is defined and collected in Research Question 3. A subset 
of components is selected for a case study to show how a preventive maintenance plan is made. It is 
possible that not all data is available, but missing parts will be estimated for now. Lastly, the 
implemented multi-item maintenance model is tested with a sensitivity analysis. A sensitivity analysis 
shows how the uncertainty in the output of a mathematical model or system can be assigned to 
different sources of uncertainty in its inputs. 
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3 Maintenance concept evaluation 
In this chapter the first research question is answered. 

Research Question 1:  
“What changes of the proposed maintenance concept for the MetalFAB1 are needed to ensure 
that it still matches the maintenance environment?” 

The development of a preventive maintenance plan for the MetalFAB1 was started by Peeters (2016). 
He uses the framework of Goossens (2015), which is shown in Figure 2 of Section 2.1.1, to structure 
his work. Peeters (2016) elaborates the first two steps and partly step three of the maintenance 
process for the MetalFAB1; this chapter evaluates the first two steps. It starts with the maintenance 
objective in Section 3.1, followed by the maintenance concept in Section 3.2. We make use of 
interviews for the evaluation of both aspects. The chapter ends with a conclusion in Section 3.3.  

3.1 Maintenance objective 
The first step in the maintenance process of Goossens (2015) is to define a maintenance objective for 
the specific company. This objective provides guidance for all future maintenance decisions within the 
company and should be in line with the company’s strategy and vision. The maintenance objective 
involves: 1) a vision, 2) a mission and 3) long-term goals for all maintenance activities and plans for a 
capital asset and is generally defined in terms of financial, technical and customer service targets, 
which include: safety, risk, system availability, system reliability, customer service and maintenance 
cost. Two years ago, Peeters (2016) determined a maintenance objective through interviews with 
stakeholders. He defines the maintenance objective by three aspects: 

• Achieve a predetermined level of system availability 

• Minimize customer visits of service engineers by offering remote service and support 

• Minimize service costs 

The first aspect, system availability, is defined as the fraction of time that the system is able to print, 
when the customer desires this, on a yearly basis. Peeters (2016) concludes, based on interviews with 
stakeholders, that availability is considered as more important than cost. The second aspect, remote 
support, is based on the fact that Additive Industries strives to minimize service visits to the customer 
by offering remote support. This implies that the customer should execute (some) maintenance tasks 
him/herself (with or without remote assistance of the company). The final aspect, service costs, 
encompasses the objective to run the service organization activities at the lowest cost associated with 
maintenance.  
 
We evaluate the maintenance objective because it serves as basis for the maintenance concept that 
is discussed in Section 3.2. Interviews with the Customer Lifecycle Support Manager, Operations & 
Supply Chain Director, and a Service & Support Engineer provide input for evaluating the maintenance 
objective. Appendix A includes the transcripts of the interviews. From the interviews, the following 
conclusions are drawn. 

• Customer Lifecycle Support Manager  
We want to guarantee our customers a high system availability. Ultimately, we want to know 
what our machine is capable of and how well it works. Only in this way we can guarantee 
targets in our service contract. We want to offer remote service and support as much as 
possible. When this is not possible in the end, we want to diagnose the problem remotely to 
make sure that we know which component has failed. This enables us to bring the right 
components with us for a service visit. If you want to guarantee a certain performance, you 
need to know what it costs to reach this performance. In this respect, maintenance costs are 
less important but what does matter is trying to make service as cheap as possible for both the 
customer and Additive Industries. We need to try to keep our maintenance costs low, but this 
is not a goal in itself.  



10 

• Operations & Supply Chain Director  
The availability of the machine is key. We need to make sure that the machine is operational 
continuously. Furthermore, it is not only about availability but also about quality. The quality 
of the products that are made on the machine has to be good. The last aspect is predictability. 
Machine downs are unavoidable, but it is better to have a scheduled down instead of an 
unscheduled down. Given the current phase of our company, we need to keep our customers 
satisfied. This means that availability is more important than costs at this moment. I support 
the idea of remote service and support because it is often faster, cheaper, and you can work 
proactively. This means that we can react immediately when a problem arises because we do 
not need any travel time. 

• Service & Support Engineer  
Printing is het core process of the machine, so you need to make sure that the machine can 
print when the customer requires it. We have determined some targets for this year, including 
availability and uptime of the machine. We offer remote service and support, which is a good 
idea in my opinion, but this depends on the skills of customers to perform maintenance by 
themselves. Additive Industries is reluctant in maintenance performed by customers, because 
of the unique technology that is inside the machine, but this increases the workload of service 
engineers. I can understand why Additive does this, but it is doubtful if it still works when the 
number of customers/machines increase. For the long-term it is better to perform more remote 
service and support.  

 
From the interviews, we conclude that availability of the machine is still the most important objective. 
It is mentioned as a key aspect by all three interviewees and it is also the first aspect of the objective 
set by Peeters (2016). This is in line with the current phase of the company, in which it is important to 
keep customers satisfied. The second aspect of this objective is remote service and support in order 
to minimize customer visits of service engineers. All interviewees mention this aspect as well and 
support it. The last aspect that is defined in the maintenance objective of Peeters (2016) is cost 
minimization. He concludes that costs are less important in the trade-off on availability versus costs. 
Based on the interviews of the Customer Lifecycle Support Manager and the Operations & Supply 
Chain Director we can confirm that this is still the same. Altogether we conclude that all three aspects 
of the objective determined by Peeters (2016) are still valid and a good definition of the maintenance 
objective of Additive Industries. One aspect, mentioned by the Operations & Supply Chain Director, 
that possibly can be added to the maintenance objective, is predictability. When the machine is more 
predictable, the proportion of unscheduled downs versus scheduled downs will decrease. Scheduled 
downs are preferred over unscheduled downs by both Additive Industries and customers because 
scheduled downs are planned in advance in contrast to unscheduled downs. Furthermore, we can 
react faster to scheduled downs, which will decrease the downtime. This will contribute to an increase 
in the availability of the machine. Proper preventive maintenance can increase the predictability of 
the moment of failure of components, for example with condition based maintenance. However, it 
depends often on the quality of the available failure data of components. This means that it is 
influenced by the quality of the data and not directly by only maintenance. Because of this, we have 
decided not to include it in the maintenance objective.  

3.2 Maintenance concept 
A maintenance concept is an approach to develop a (preventive) maintenance plan that considers all 
required maintenance actions. The main goal of a maintenance concept is to provide decision support 
on maintenance policy selection and specification. Peeters (2016) has decided to split the 
development of the maintenance concept into 1) a conceptual design and 2) a detailed design. This 
approach forces the engineer to split the problem into decoupled decision-making modules that can 
be optimized separately. In the first stage, the conceptual design, a conceptual model is developed 
that defines each of these decision-making modules and how they interrelate. Subsequently, in the 
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detailed design, each module is designed in detail. In this section the conceptual design that is shown 
in Figure 4 is evaluated. The reason why we evaluate the maintenance concept of Peeters (2016) is 
that it is based on literature and functional requirements of the machine instead of the real situation. 
This is because, as mentioned above, at that moment, Additive Industries just started setting up its 
service and support organization. Nowadays, we have experience with maintenance in the field, so 
we need to check if the conceptual design fits the maintenance environment of Additive Industries. 
For the interviews, we decide to ask in general if there is a distinction between several types of 
maintenance based on different procedures in the first place. Afterwards, we present the 
maintenance concept of Peeters (2016) to the interviewees to avoid a tunnel vision.  
 
The maintenance concept of Peeters (2016), shown in Figure 4, consists of two consecutive stages: 1) 
maintenance policy selection and 2) maintenance policy specification. He decides to decouple because 
the nature of the decisions differs. The maintenance policy selection stage makes use of a more 
qualitative method to decide on the right maintenance policy type, while the maintenance policy 
specification stage makes use of mathematical models to decide on the optimal maintenance interval. 
Peeters (2016) defines two decoupled modules in the maintenance policy specification stage: 1) 
module 2: customer maintenance and 2) module 3: OEM maintenance. Customer maintenance is 
defined as maintenance activities that can be executed by the customer (operator or specialist trained 
by the OEM) and OEM maintenance as maintenance activities that must be executed by the OEM or a 
third party. Peeters (2016) decides to decouple between module 2 and 3 because of three reasons: 1) 
remote service and support, 2) difference in maintenance interval, and 3) difference in applicable 
models. Firstly, based on interviews, Peeters (2016) identifies that the company wants to minimize 
the service visits to the customer by offering remote service and support. This implies that the 
customer executes (some) maintenance tasks him/herself (with or without remote assistance of the 
company). Secondly, the functional requirements that are stated in the User Requirement 
Specification (URS) for the development of the MetalFAB1 for both types of maintenance are quite 
different. For example, the maintenance interval stated in the URS-document for maintenance actions 
executed by the customer should be larger than two weeks, while for maintenance actions executed 
by the OEM the interval should be larger than one year. Thirdly, Peeters (2016) recognizes that both 
types of maintenance should use different mathematical models. He states that for OEM 
maintenance, a multi-component optimization model is beneficial because there is a potential to save 
money on (high) setup cost/time. For this type of maintenance, it makes sense to synchronize 
maintenance actions of multiple components into a single preventive maintenance interval. However, 
for customer maintenance it is beneficial to focus on the individual component and develop an 
optimized policy on component level. The reason for this is that the setup cost/time are less important 
compared to OEM maintenance components.  

Figure 4: Conceptual design of the maintenance concept, retrieved from Peeters (2016) 
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Interviews with the Customer Lifecycle Support Manager, Operations & Supply Chain director, and 
Service & Support Engineer provide input for evaluating the maintenance concept. Appendix A 
includes the transcripts of the interviews. From the interviews, the following conclusions related to 
the maintenance concept are drawn.  

• Customer Lifecycle Support Manager  
We distinguish between regular maintenance that can be executed by an operator and 
maintenance that must be executed by ourselves. We are thinking about advanced training 
for customers, so they can execute more maintenance by themselves. There is and always will 
be maintenance that needs to be executed by Additive Industries. This means that there are 
currently no additional types of maintenance than module 2 and 3 of Peeters (2016). I just 
think there is either maintenance executed by us or by the customer. Hopefully, customers can 
execute more and more maintenance actions by themselves over time. The distinction between 
module 2 and 3 of Peeters (2016) is a good representation for maintenance at this moment. It 
is practically based on whether the customer can perform the maintenance action or not. This 
means that the specific maintenance actions executed by customers can differ between 
customers. It might be that we develop different (preventive) maintenance plans based on the 
skill level of customers.   

• Operations & Supply Chain Director  
We differentiate between maintenance that is executed by service engineers and maintenance 
that is executed by customers. I support this differentiation because you give the customer 
responsibilities and make clear who is doing what. You need to make clear who is responsible 
for what, so you can address each other. When you do not make clear agreements about this, 
you are dependent on the customer whether he or she performs the action or not. This is a 
clear distinction, besides this, I do not like “grey” spaces. The maintenance concept of Peeters 
(2016) is good even when the proportion between the two types of maintenance is 5%-95%.  

• Service & Support Engineer  
We have defined which maintenance tasks need to be executed by the operator and which by 
service engineers. We have different procedures for maintenance executed by customers, 
including maintenance time intervals, and maintenance executed by service engineers. The 
distinction between module 2 and 3 of Peeters (2016) is a good representation of reality but I 
miss some “grey” space between the modules. An example of this “grey” space are 
components that give a notification to the customer when they are about to fail, after which 
a service engineer needs to replace them. Another example are components that are not 
critical in the first place but when they are polluted during the printing process they become 
critical. I believe that the machine is not mature enough for this “black-white” perspective.  

 
From the interview sessions, we conclude that the maintenance concept of Peeters (2016) is a good 
representation of the maintenance environment of Additive Industries. All three interviewees 
recognise this distinction even before the concept of Peeters (2016) is shown. Unclarity in this division 
arises for components of which condition inspections and measurements are performed by customers 
but the replacement is done by service engineers of Additive Industries. To track the degradation path 
of such components, customers can perform degradation measurements manually. When the output 
of a component is under a certain level, a service engineer comes on-site to replace it. The optimal 
inspection interval for this component needs to be calculated for the customer. The replacement itself 
is still done by service engineers, so this type of components belongs to module 3: OEM maintenance. 
The multi-item maintenance model that is specified for this module should consider components of 
which condition inspections and measurements are performed by customers. We conclude that the 
proposed maintenance concept is a good representation of the situation of Additive Industries. 
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3.3 Discussion and conclusion 
In the present chapter we investigated the first research question: “What changes of the proposed 
maintenance concept for the MetalFAB1 are needed to ensure that it still matches the maintenance 
environment?” To answer this question, we evaluated the maintenance objective and maintenance 
concept of Peeters (2016). We had interviews with the Customer Lifecycle Support Manager, 
Operations & Supply Chain director, and Service & Support Engineer for this evaluation, of which the 
transcripts are included in Appendix A.  
 
We conclude that the maintenance objective of Additive Industries for the MetalFAB1 is still the same 
compared with two years ago. One new aspect that was mentioned during an interview is achieving a 
high predictability of the machine. A high predictability of the machine is definitely desired because 
this will decrease the proportion of unscheduled downs versus scheduled downs , which will decrease 
the downtime. Proper preventive maintenance can increase the predictability of the moment of 
failure of components, for example with condition based maintenance. However, it depends often on 
the quality of the available failure data of components. This means that it is influenced by the quality 
of the data and not directly by only maintenance. Because of this, we have decided not to include it 
in the maintenance objective. 
 
Subsequently, we conclude that the maintenance concept of Peeters (2016) is a good representation 
of the maintenance environment. The decision to decouple between customer maintenance and OEM 
maintenance is based on: 1) remote service and support, 2) difference in maintenance interval and 3) 
difference in applicable models. These three reasons are still valid and the distinction between the 
two types of maintenance is also mentioned by all interviewees. Unclarity in this division arises for 
components which include both the customer and service engineer for maintenance. These 
components belong to both the OEM and customer maintenance module. The results of the condition 
inspections and/or measurements performed by customers serve as input for the multi-item 
maintenance model of the OEM module. Overall, we can distinguish between components that belong 
completely to either the customer maintenance or OEM maintenance module and components that 
belong to both modules. So, it is not needed to create a separate module for this last type of 
components, however, OEM maintenance should take this into account.  
 
Altogether we conclude that there are no changes needed of the previously developed maintenance 
concept for the MetalFAB1 to match it to the maintenance environment. This means that we can use 
the previously developed maintenance concept as a basis for the rest of this master thesis project.  
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4 Conceptual design 
In this chapter the second research question is answered at a conceptual level. The rest of the research 
question is answered in Chapter 5. 

Research Question 2:  
“Which multi-item maintenance model is most suitable for the MetalFAB1?” 

For the design of the multi-item maintenance model we make use of the system design methodology 
developed by Bertrand (2016). It consists of three phases: the conceptual design, the detailed design, 
and the implementation phase. The first phase, the conceptual design, is developed in this chapter. A 
conceptual design serves as a basis for the multi-item maintenance model that is further developed 
in the detailed design phase. Firstly, we make a decision about the planning strategy for the multi-
item model in Section 4.1. Secondly, the essential aspects, also called must-haves, of the model are 
discussed in Section 4.2. We define the must-haves, so we can judge existing multi-item maintenance 
models in literature on the presence of these aspects in a literature review in Section 4.3. Next, the 
multi-item model from the literature review is extended, if necessary, with missing must-haves. Based 
on characteristics of the model, additional desired aspects, called nice-to-haves, are discussed in 
Section 4.4. Subsequently, the assumptions of the model are written down in Section 4.5. The chapter 
ends with a conclusion in Section 4.6. 

4.1 Planning strategy approaches 
The first important decision for the multi-item maintenance model is to define what planning strategy 
to follow.  A planning strategy defines what strategy is used for the planning of maintenance actions. 
This decision is important because it determines which models we can consider for the rest of this 
master thesis project. We compare two planning approaches in this section, namely tactical and 
operational planning. Both approaches use stochastic models to optimize the total cost per time unit, 
considering among others purchase and maintenance costs, and risks associated to failure. 
Maintenance strategies with static joint maintenance intervals are often applied in the industries of 
advanced capital goods (e.g., aviation, oil gas refinery, renewable energy and chemical process) due 
to the convenience of static intervals for the operations planning and coordination of maintenance 
resources (e.g., service engineers, maintenance equipment, spare parts) (Dekker et al., 1997). A 
tactical planning is a static planning that considers an infinite horizon in which the cost of lifetime for 
a machine are optimized once. This leads to obtaining general parameters with rules and triggers to 
follow in general. However, due to unexpected failures, the scheduling problem still needs to be 
addressed. The rules created by the tactical planning repeat themselves over time. The tactical 
planning is followed by an operational planning, which is used to: 1) secure the routine of maintenance 
activities and 2) solve problems, failures and shortcomings (Branska et al., 2016). 
 
An operational planning, in contrast to a tactical planning, provides scheduling decisions every time 
the algorithm is executed. This planning strategy makes use of the most recent information that is 
available, for example obtained from inspections, and optimizes maintenance decisions over a finite 
horizon. This is why an operational planning strategy makes use of a rolling horizon to provide 
schedules over the lifecycle of a machine. A rolling horizon model uses a finite horizon repeatedly 
based on a long-term (infinite horizon) plan. Therefore, an operational planning does not necessarily 
have stable planning cycles over time, but they can differ each time the algorithm is executed. 
 
Between these two levels of planning strategy approaches, a lot of studies and techniques can be 
found in literature (see Figure 5). Starting on the left side of the spectrum, the figure shows how 
different developments make a planning more operational by adding adjustments to the long-term 
tactical planning of preventive maintenance. The model of Zhu (2015) creates a tactical planning but 
makes it more operational by introducing contingency triggers that are used to perform preventive 
maintenance actions during corrective maintenance of other components. Teeuwsen (2016) and van 
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Elderen (2016) extend the model of Zhu (2015) by adding a stochastic model for availability to perform 
preventive maintenance actions during contingencies. On the right side of the spectrum we can see 
more operational approaches. The work of Wildeman et al. (1997) uses a dynamic grouping strategy 
for scheduling usage based maintenance actions. Bouvard et al. (2011) extent this model by also 
scheduling condition based maintenance actions. This model is further expanded by Van Horenbeek 
et al. (2013), who include dependencies between different activities in the scheduling process.  
 

 
Figure 5: Preventive maintenance planning spectrum, from Ramos Gaete (2018) 

Ramos Gaete (2018) describes the impact of these strategies on the planning process by five aspects: 

• Nervousness: A tactical planning creates a base schedule that repeats itself over time, this 
provides a stable way of working and controlled resource planning capacity. An operational 
planning can change every planning horizon when new information about the condition of the 
system becomes available. 

• Completeness: Tactical strategies use a more integrated approach for solving, while 
operational strategies decouple the problem into simpler systems. Environments where 
constraints are not constantly changing are easier to model and do not benefit from 
decoupling. A complete system solution is especially relevant when there is detailed 
information of failure rates and component interactions. 

• Component models: A tactical approach is particularly suitable for components with 
stationary failure rates. However, for components which degradation better resembles a time 
series, an operational approach is easier to implement. The operational approach has no 
problem handling degradation functions of any level of complexity because of the 
discretization process. Additionally, the rolling horizon of operational scheduling improves the 
prediction accuracy in predictive models, since the shorter the forecast period, the lower the 
prediction error.  

• Flexibility: A tactical planning provides an indication for the expected solutions in time, so 
more stable environments behave closer to the expected solution. On the other hand, an 
operational planning has better capabilities for accommodating conditions that are constantly 
changing. 

• Computational efficiency: The timeframe in which changes happen and plans are developed 
has a massive impact on the tool’s required speed for solving the problem. An operational 
planning can handle better a situation in which the plans need to be evaluated every week 
using new data. A tactical planning does not require constant iteration but any major change 
in conditions (new components and/or parameters, change in the available time for 
maintenance, etc.) would require recalculating the triggers.  
 

Another important aspect that has a great influence on the decision between tactical and operational 
planning is: 

• The maturity of the company. A company needs to be ready for an operational planning 
because this brings a lot more uncertainty for both service engineers and customers. A more 
mature company is probably better able to implement an operational planning. Typically, a 
company starts with a tactical planning that is succeeded by an operational planning over 



16 

time. Lastly, an operational planning assumes that new information about the degradation of 
components becomes available during inspections of the system, but this is not necessarily 
possible for all components in reality. On the other hand, an advantage of operational 
planning is that interactive planning with the customer is possible.  

 
We make use of interviews to ask stakeholders for their opinion about what type of planning approach 
is best for Additive Industries at this moment. Appendix A includes the transcripts of the interviews. 
From the interviews, the following conclusions are drawn.  

• Customer Lifecycle Support Manager  
There are advantages and disadvantages for both types of planning approaches. Considering 
the current phase of the company and the pressure on the customer lifecycle support team, 
my first brain wave is to have a tactical planning in the short term. In this way you can at least 
plan maintenance actions. Currently, we are working in an operational way instead of a 
tactical way. In the short term, a tactical planning seems the best way of working. In the long 
term, when we know more about the system and have it better under control, I can imagine 
that we are going to work with an operational planning.   

• Operations & Supply Chain Director  
Considering the current phase of the company, we need a tactical planning that is evaluated 
often to check if the optimal maintenance interval has changed. We need to check 
continuously based on new data if the model is still valid, but do not change the schedule after 
every small modification, because the company cannot handle this at the moment. The 
dynamic of our model should be the regular check of the optimal maintenance interval and 
which components are considered in the model. A dynamic planning means that your IT system 
should be able to handle this, which is too difficult for our organization now. You start with a 
robust planning and finetune it later on.  

• Service & Support Engineer  
At this moment we have a need for a long term planning, so a static overall planning that is 
based on real time. We should make use of sensors in the machine that can tell us something 
about the condition of components. But we need an annually maintenance plan performed by 
service engineers as a basis.  

From the interview sessions, we conclude that Additive Industries uses neither a tactical nor an 
operational maintenance planning at this moment. Until now, the organization has functioned like a 
so called ‘fire brigade’ organization. In case something breaks down, one goes there as fast as possible 
in order to fix the problem, the failure based maintenance policy. Based on the interviews, we 
conclude that there is a need for a basic overall maintenance planning in the company. 
 
Based on all aspects that have impact on the planning process and the conclusions drawn from the 
interview sessions that are discussed in this section, we focus on tactical planning. The current phase 
of the company demands a tactical approach. It provides a stable way of working because it uses a 
static planning, which is needed to decrease the current pressure on the customer lifecycle support 
team. Considering that Additive Industries has no maintenance planning at this moment, the first step 
is to create a static basic maintenance planning that becomes more operational over time. 
Implementing the rules resulting from tactical planning is the start for implementing preventive 
maintenance in the field. Eventually, a dynamic operational planning can be implemented for a better 
reaction to changes. Starting with an operational planning will have a too big impact on the 
organization. 

4.2 Must-haves 
We start with the discussion of required must-haves for the model. Must-haves are aspects that are 
essential to have in the model, which are in this case: 
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• The MetalFAB1 is a complex machine with many individual components that are subjected to 
failure. We require a model that can handle a large number of components. 

• Include different types of maintenance policies. From the work of Peeters (2016) we know 
that each individual component of the MetalFAB1 can be either maintained under a usage 
based (UBM), condition based (CBM) or failure based (FBM) maintenance policy. To make the 
model realistic, we require a model that includes all three types of maintenance policies. 

• No use of minimal repair. From the interviews that are included in Appendix A, we conclude 
that minimal repair for the MetalFAB1 is rare. So, we prefer a model that does not take 
minimal repair into account. 

• Possibility to combine preventive maintenance actions in one periodic scheduled 
maintenance visit. Additive Industries wants to minimize the number of maintenance visits, 
so we prefer a model that calculates one periodic preventive maintenance visit on which all 
components that require preventive maintenance are replaced. This is also called clustering 
of maintenance activities. The list of components that are replaced each visit can differ, 
because only components that require maintenance are replaced. We prefer a periodic 
interval between scheduled visits because this will bring structure for the CLS team, which 
experiences currently a high workload, but also for customers, who can adapt their production 
schedules to the periodic interval.  

• Possibility to make use of opportunistic maintenance. Additive Industries states in the 
maintenance objective, among others, that it wants to minimize the number of maintenance 
visits. Because of this, we should use the replacement of failed components as opportunities 
to perform preventive maintenance on other components as well. This will minimize the 
number of maintenance visits. Therefore, we prefer a model that takes opportunistic 
maintenance into account. We should consider that there is a chance that the customer does 
not want that an extra preventive maintenance action is performed during an unscheduled 
down.   
 

Now that the must-haves for the model are clear, we can start in Section 4.3 with a literature review 
to find the best available model in literature for the situation of Additive Industries.  

4.3 Literature review on tactical multi-item maintenance models 
This section translates the environment of Additive Industries to the available academic literature on 
the topic of multi-item maintenance models. We want to find a model to optimize the maintenance 
plan in terms of an optimal preventive maintenance interval that minimizes maintenance costs for the 
machine as a whole. To find an appropriate mathematical model, we conduct a literature review on 
multi-item maintenance models. In Section 4.1, we decided to focus on a tactical planning approach. 
For a complete literature review, that includes both operational and tactical planning approaches, we 
refer to de Win (2018). The literature review of this section focuses only on tactical planning 
approaches because this is best for the current situation of Additive Industries. The maintenance 
environment and modelling preferences of five multi-item maintenance models (Arts (2015), Arts & 
Basten (2018), Laggoune et al. (2009), Zhao et al. (2018), and Zhu (2016)) are compared to the 
maintenance environment and modelling preferences of Additive Industries.  
 
From the must-haves of Section 4.2 we derive five characteristics to judge the models in literature: 1) 
number of components, 2) minimal repair, 3) opportunities at scheduled downs, 4) opportunities at 
unscheduled downs and 5) individual maintenance policies. Furthermore, we define four additional 
characteristics that describe the maintenance environment of Additive industries. The sixth 
categorization characteristic is failure behaviour. We prefer a robust and general model that does not 
assume certain failure distributions. Currently, there is not enough data for failure distribution fitting 
and different components have probably different failure distributions. As long as this information is 
not available, it is better to keep the model as robust and general as possible. In this way, we do not 
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have to assume certain failure behaviour, which keeps the model flexible until the exact failure 
behaviour is known. The seventh characteristic is planning horizon. In terms of the planning horizon, 
an infinite horizon seems to be the option in any case because we want to know what the benefits of 
a multi-item maintenance model are on the long term. The eighth characteristic is the failure 
interaction between components, of which probably various exist for the MetalFAB1. We know that 
there is positive economic dependence between maintenance visits because there are fixed set up 
costs for every visit. Furthermore, stochastic dependence between components is mentioned in one 
interview, but we are not completely sure whether it is valid for the MetalFAB1. We want to take it 
into account in our model, but it has not a high priority. Lastly, structural dependence between 
components exists because some parts structurally form a part and cannot be replaced individually. 
The last characteristic is the optimization method. In terms of a solution method, the most important 
criterion is that the calculation time is reasonable. Simulation and exact calculation generally take 
more time than heuristic approaches, which makes a heuristic approach the preferred solution 
method.   
 
In Appendix B the complete literature review on multi-item maintenance models with a tactical 
approach can be found. This section describes the general insights of the literature study and the 
choice of a model. Some general insights of the literature study are: 

1. Although all models claim that they are suitable for (complex) multi-item systems, the 
majority of them are only tested on a system with less than five components. This raises the 
question about what happens with the practically and computation time of the models when 
the number of components increases. The model of Zhu (2016) is the only model of the 
selection that is tested on a system with more than 15 components. 

2. Most models can handle only one type of individual maintenance policy. Components are 
either all maintained under condition based or usage based policies. The models of Arts 
(2015), Arts & Basten (2018), and Zhu (2016) can deal with both maintenance policies. 

3. All models assume a positive economic failure interaction. It’s remarkable that it is the only 
considered failure interaction for all models, so the stochastic and structural dependencies 
are missing.  

 
The modelling preferences of Additive Industries for a multi-item maintenance model are written 
down somewhat idealistically. In an ideal situation all preferences can be met by a mathematical 
model. However, restrictions on taking into account all preferences are imposed by the availability of 
models in literature. Based on the literature review and the maintenance environment of Additive 
Industries, the heuristic solution approach of Zhu (2015) is chosen as a basis for multi-item 
maintenance optimization in this thesis. This model is chosen because: 

1. It is able to include significantly more individual components than other models. 
2. It does not make use of minimal repair. 
3. It makes use of opportunities at scheduled and unscheduled downs. 
4. It does not assume specific failure distributions of components. 
5. It provides a heuristic approach to find a solution. 

 
The model of Zhu (2016) is extended by Teeuwsen (2016) by adding the possibility that not all 
maintenance opportunities can be used. For different reasons, it is possible that a customer does not 
want additional preventive maintenance actions to be executed during an unscheduled down. 
Teeuwsen (2016) adds the probability that an unscheduled down is accepted as a maintenance 
opportunity. Van Elderen (2016) simplifies the mathematical model proposed by Teeuwsen (2016) by 
directly including the variable in the model. We decide to include this additional probability also in the 
model for Additive Industries, because there is always a certain probability that a customer does not 
accept additional maintenance tasks. We can always decide to exclude the probability from the model 
by setting it equal to one, in this case it is the same model as proposed by Zhu (2016). 
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4.4 Nice-to-haves 
The model of Zhu (2016), which is selected in Section 4.3, meets all must-haves defined in Section 4.2. 
Besides the must-haves, which are essential in the model, there are also aspects that are non-essential 
but are desired in the overall deliverable. These aspects, which are missing in the model of Zhu (2016), 
are called nice-to-haves, which are discussed in this section. Due to time restrictions, we were not able 
to include all nice-to-haves. The nice-to-haves with the highest priorities are included, the ones that 
are not included have a lower priority. The nice-to-haves that are included in the model are discussed 
first, followed by the nice-to-haves that are not included. 
 
Included in the model 
The nice-to-haves that are included in the model are the following, sorted from highest priority to 
lowest: 
 
Condition inspections of components executed by service engineers during maintenance visits. For 
some components that qualify for condition based maintenance, it is not possible to monitor its 
condition remotely. The condition of these components is determined via an inspection executed by 
a service engineer. As their condition is not known in advance, the service engineer probably does not 
have all components that have passed their control limit with him during a maintenance visit. When 
a service engineer discovers a component that has passed its control limit through inspection, there 
are three situations possible: 

• The service engineer has the component with him and replaces it.  

• The component is delivered to the customer when the service engineer is still there. It is 
possible to deliver components to customers in at most one business day under some 
assumptions. It depends on the remaining visit time of the service engineer if this option is 
possible. This option involves additional transportation costs on top of the inspection costs. 
The transportation costs of a component depend on the transportation mode that is selected 
and the distance between the warehouse and the customer.  

• The service engineer cannot replace the component because he does not have it with him and 
cannot be delivered in time. The component is replaced during the next maintenance visit. 
When there occurs an opportunity, either unscheduled or scheduled, before the component 
fails, it is preventively replaced at this opportunity. Otherwise, the component is correctively 
replaced during a corrective maintenance visit.  

 
We can include the three possible situations in the model with three probabilities, each representing 
the occurrence of one situation. The probabilities of occurrence are determined based on data and 
expert knowledge and serve as input for the model. Furthermore, we need to determine the 
inspection and transportation costs. When a service engineer does not replace the component during 
the current visit but during the next visit, the renewal cycle of the component will end at the second 
visit. In the way it is modelled by Zhu (2016), the renewal cycle ends at the initial maintenance visit. 
This means that we have to adapt the start of renewal cycles in the mathematical model of Zhu (2016) 
in our detailed design. We assume that these components are inspected every scheduled and 
unscheduled down. 

 
Time restriction on a maintenance visit. We make use of opportunistic maintenance, which means that 
all components that have passed their control or age limit are preventively replaced during a 
maintenance visit, either scheduled or unscheduled. The number of maintenance actions and 
corresponding total time of a maintenance visit can differ each time. The duration of a maintenance 
visit is not unlimited, the customer can set a restriction on it. When the total time of all maintenance 
actions is higher than the time restriction, some components cannot be replaced. The service engineer 
has to come back at a later moment to replace the remaining components. To include the time 
restriction in the model, we need to know the probability that the duration of a maintenance visit 
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exceeds the time restriction. The probability is calculated by the model for a given maintenance plan 
because it depends on the number of unscheduled and scheduled downs, which are output values of 
the model. Each time a maintenance visit takes place, either unscheduled or scheduled, an additional 
visit takes place with the probability that a maintenance visit exceeds the time restriction. For this 
additional visit, we need to pay setup costs again. Furthermore, we include a penalty cost for an 
additional visit to make it less attractive. 
 
When we include a time restriction in the model in this way, we need to be careful with the start of 
renewal cycles. In case a service engineer has to come back at a later moment to perform the 
remaining maintenance action, the renewal cycles of the remaining components will end at the second 
visit. In the way it is modelled by Zhu (2016), the renewal cycles of these components will end at the 
first visit. This means that the components are actually younger than the model assumes, because the 
actual renewal cycles end later than the renewal cycles in the model. This has the consequence that 
these components are replaced before their optimal preventive replacement limits. The influence of 
these deviations in renewal cycles decreases when the lifetime of these components increases, 
because the proportion between the deviations and lifetimes decreases. We should keep this in mind 
when we analyse the output of the model. 

 
Condition inspections and measurements performed by customers. For some components, customers 
can perform an inspection or measurement to determine the condition of components. If we assume 
that the inspection or measurement is performed just before a maintenance visit, we know in advance 
whether the component has passed its control limit or not. In this way, we always have the component 
with us when it needs to be replaced. This is why we consider these components as continuously 
monitored condition based components, which means that we can use the model of Zhu (2016). The 
inspections are executed by customers, so it does not cost Additive Industries any time or money to 
perform these inspections. This is the reason why we do not threat these components the same as 
components that require inspections performed by service engineers. The only difference with 
components that are truly continuously monitored is that we do not know when the component 
almost reaches its failure limit unless the customer performs a condition inspection or measurement. 
For a continuously monitored component, we can replace the component just before it reaches its 
failure limit, which is scheduled in advance. For components that are periodically inspected by 
customers, we will perform a corrective replacement when the component has failed. The 
maintenance visit costs are higher for periodically compared to continuously monitored components 
because of the predictability of maintenance visits. Determination of the time interval between two 
customer inspections is out of scope of this research. It is, however, recommended for Additive 
Industries to investigate the maintenance interval for customer inspections in the future. 
 
The problem with the assumption that an inspection is performed just before a maintenance visit is 
that most of the inspections take at least a few hours. A customer can schedule these inspections 
before a scheduled down, but this is more complicated in case of an unscheduled down. Because we 
assume that the inspection or measurement is performed immediately when an unscheduled down 
occurs, a service engineer cannot leave Additive Industries before all inspections and measurements 
are executed. Another problem with the assumption is that in some cases, the customer is not able to 
perform condition measurement when the system is down due to a failure, because the machine is 
not or not fully operational. 
 
Availability constraint. Availability of the system is key for Additive Industries and should definitely be 
included in the model. System availability is defined as the fraction of time that the system is 
operational when required in a certain time interval and is determined by uptime and downtime. It is 
possible to calculate the average availability of the machine for a given maintenance plan, but it would 
be better to set a minimum availability for the optimization problem. In this way, Additive Industries 
can compare the costs of different availability levels. After thoroughly analysing the inclusion of 



21 

availability in our model, we have to conclude that it is not possible to include an availability constraint. 
The model of Zhu (2016) uses an iterative solution approach for the main problem at system level, 
which makes use of single-item models at component level. Therefore, when we include an availability 
constraint at system level, we also need to include an availability constraint at component level. The 
availability of individual components contains only the downtime caused by the specific component. 
When we consider individual components in a multi-item environment, we have to take into account 
that the system is also down when maintenance of other components is performed. Therefore, we 
cannot simply take the average of all individual availabilities as system availability. This means that 
the availability constraint at system level differs from the availability constraint at component level. 
The constraint for each individual component is not necessarily the same because we are looking for 
the average system availability. We are not able to translate an availability constraint at system level 
to constraints at component level. Therefore, we have decided not to include the availability target.  
 
Because availability of the system is important for Additive Industries, we calculate the availability of 
individual components and the complete system for given solutions in the case study of Chapter 7. 
The solution that minimizes cost can be different from the solution that maximizes availability. In this 
way, we provide Additive Industries insight in the trade-off between preventive maintenance cost and 
availability of the machine. A 100% availability means that the system is 24 hours a day, 364 days a 
year available. 
 
Not included in the model 
The nice-to-haves that are not included in the model due to time restrictions are discussed now. The 
reason why we still discuss these aspects is because eventually we would like to have them included 
in the model. 
 
Adding flexibility to the fixed maintenance interval. When an unscheduled down takes place right 
before a scheduled down, many components will be preventively replaced at that moment, if possible. 
In this case, the upcoming scheduled down is useless and we can save the set-up and downtime costs 
by skipping it. The time interval between an unscheduled and scheduled down where we skip the 
upcoming scheduled down can be an input variable but also a decision variable. The current need of 
Additive Industries is to have a static overall planning that will decrease the pressure on the customer 
lifecycle and support team. Adding flexibility to the maintenance interval is interesting for the future 
but has currently a low priority.  
 
Dependencies between components. We concluded from the literature review that almost all models 
do not include dependencies between components, except economic dependence. The model could 
be extended by including also structural and stochastic dependence between components. Currently, 
there is not much information available about dependencies between components of the MetalFAB1. 
We should investigate first what kind of dependencies are present in the MetalFAB1 and to what 
extent. Therefore, the priority of this nice-to-have is low at the moment.  
 
We can further distinguish aspects that are non-essential but can improve the model eventually. These 
aspects are called wish-to-haves and can be found in Appendix C. 

4.5 Assumptions 
Considering the must-haves and nice-to-haves, either included in the model or not, the following 
assumptions are made to capture our problem in mathematical terms: 

• Degradation of CBM and UBM components is independent of scheduled and unscheduled 
downs caused by other components in the system, so no stochastic dependence is included. 

• Structural dependence is not included. 

• The time horizon is infinite. 
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• Maintenance actions restore the conditions of components back to their initial degradation 
levels (“repair-as-new”). 

• New parts for replacements are always available. 

• Service engineers are always available to perform maintenance visits and always have time to 
perform extra preventive maintenance during a USD. 

• Failure of components lead to failure of the complete system, so we consider critical 
components only. 

4.6 Discussion and conclusion 
In the present chapter we started with the investigation of the second research question: “Which 
multi-item maintenance model is most suitable for the MetalFAB1?” To answer this question, we 
developed a conceptual design for the multi-item maintenance model, in which we defined the broad 
outline of the multi-item maintenance model. We started with the decision what planning strategy to 
follow. We compared two planning approaches, namely tactical and operational planning. We used 
the five aspects used by Ramos Gaete (2018) to describe the impact of both strategies on the planning 
process, which are: 1) nervousness, 2) completeness, 3) component models, 4) flexibility and 5) 
computational efficiency. Furthermore, we had interviews with the Customer Lifecycle Support 
Manager, Operations & Supply Chain director, and Service & Support Engineer of the planning 
strategy, of which the transcripts are included in Appendix A. Based on all aspects that are mentioned 
in Section 4.1, we focus on tactical planning. The current phase of the company demands a tactical 
approach. It provides a stable way of working, which is needed to decrease the current pressure on 
the customer lifecycle support team. Considering that Additive Industries has no maintenance 
planning at this moment, the first step is to create a static basic maintenance planning that becomes 
more operational over time. Implementing the rules resulting from tactical planning is the start for 
implementing preventive maintenance in the field. Eventually, a dynamic operational planning can be 
implemented for a better reaction to changes. Starting with an operational planning will have a too 
big impact on the organization. When Additive Industries has implemented a tactical maintenance 
planning and the pressure on the CLS team is decreased, the company can start with the development 
and implementation of an operational planning.  
 
Subsequently, we defined the must-haves of the model, so we could judge existing multi-item 
maintenance models in literature on the presence of these must-haves in a literature review. The 
heuristic solution approach of Zhu (2015) is chosen as a basis for multi-item maintenance optimization 
in this thesis because it meets all must-haves. Furthermore, it is the only model in literature 
considering a system that consists of a large number of components with a mixture of maintenance 
policies. We discussed nice-to-haves of the model that were missing in the solution approach of Zhu 
(2016) but are desired in the overall deliverable. Due to time restrictions we have only included the 
nice-to-haves with the highest priorities. To the best of our knowledge, the proposed extensions in a 
multi-item environment are not discussed in literature. The limitations of these extensions are 
discussed in this chapter. For future research, one can investigate if it is possible to reduce the 
limitations and relax the assumptions of the model. The model can be further extended by the 
proposed nice-to-haves that are not included in the model. Based on the conceptual design, we 
develop a solution procedure in the detailed design in the next chapter.   
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5 Detailed design 
In this chapter, we finish the second research question that is already partly answered in Chapter 4. 

Research Question 2:  
“Which multi-item maintenance model is most suitable for the MetalFAB1?” 

The conceptual design of Chapter 4 is refined into a detailed design in this chapter. To solve the 
maintenance optimization problem for a system with a mixture of maintenance policies, we make use 
of five opportunistic maintenance models. Four of them optimize the maintenance policy of single 
components. We start introducing the corrective maintenance model in Section 5.1, followed by the 
usage based maintenance model that optimizes the age limit of UBM components in Section 5.2. Next, 
the condition based maintenance model for continuously monitored components that optimizes the 
control limit of CBM components is discussed in Section 5.3. These models are initially proposed by 
Zhu (2016) and are extended previously by Teeuwsen (2016) and Van Elderen (2016). Finally, a new 
model for CBM components that require an inspection to determine their condition is proposed in 
Section 5.4. The model optimizes the control limit of the components and is inspired by the CBM 
model of Zhu (2016). All single-item models are extended with the average availability of a component 
during its maintenance cycle. The time between two scheduled downs 𝜏, also called the maintenance 
interval, is an input variable for all single-item models. 𝜏 becomes a decision variable in the multi-item 
maintenance model, which is discussed in Section 5.5. This model considers a mixture of CBM, UBM 
and FBM components and uses the four opportunistic models for single components as building blocks 
for a multi component system. The model of Zhu (2016) is extended with a time restriction on a 
maintenance visit and the average availability of the system. The method to calculate the availability 
of single components and the system as a whole is discussed in Section 5.6. Subsequently, the method 
to calculate the probability that a maintenance visit exceeds the time restriction is discussed in Section 
5.7. The final implementation phase, is partly executed and discussed in Section 5.8. The model is 
implemented in a software package but the development of a user dashboard, as explained in Section 
2.1.2, is not performed. The chapter ends with a conclusion in Section 5.9. 

The cost rate evaluation of the models discussed in this chapter is based on renewal theory, which is 
an approximation. According to the  renewal theory, the average cost per time unit is equal to the 
expected cycle cost (ECC) divided by the expected cycle length (ECL). Most maintenance models in 
literature assume that the replacement times of components are negligible. When we do not assume 
this, we have to consider in our model that the degradation of a component is paused when 
maintenance on other components is performed. Furthermore, the mean time to failure (MTTF) of 
components of the MetalFAB1 is relatively long compared to the duration of maintenance. Because 
of these two reasons, we decide to assume negligible repair times for the calculation of the ECL. The 
repair times are included in the calculation of the ECC because Additive industries has to pay certain 
costs for the replacement of a component, which depend on the duration of it. The inclusion of 
replacement times in the ECC has no influence on the degradation of components. 

5.1 Corrective maintenance model 
In this section, the corrective maintenance (CM) model is discussed. Under a CM policy, one just waits 
until a component breaks down and then goes to the customer and replaces it. The component is 
referred to as an FBM (failure based maintenance) component. The failures of these components 
cause unscheduled downs for the system, which serve as opportunities for preventive maintenance 
of other components. CM visits are most disadvantageous for both Additive Industries and customers 
because the timing and content of a failure cannot be planned in advance and are therefore unknown. 
Despite this, a CM policy is often used in practice. The most important reason to select this policy is 
when the failure rate of a component is decreasing or constant. However, even if the failure rate of a 
component is increasing, a CM strategy can still be attractive. For example, when we do not want to 
waste any useful life because of the high price of a component.  
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There is no decision variable to optimize in this policy. To calculate the expected costs per time unit, 
the ECC and the ECL are needed. For components under this policy, there are only CM visits with 
corresponding costs 𝐶𝐶𝑀, which is the ECC for this policy. The ECL for this policy is equal to the MTTF, 
which depends on the lifetime distribution of the component. The expected total maintenance cost 
rate 𝑍𝐹𝐵𝑀[𝑒𝑢𝑟𝑜 𝑦𝑒𝑎𝑟⁄ ] of the component is: 

𝑍𝐹𝐵𝑀 =
𝐸𝐶𝐶

𝐸𝐶𝐿
=

 𝐶𝐶𝑀

𝑀𝑇𝑇𝐹
 (1) 

5.2 Usage based maintenance model 
This section exists of an explanation of an opportunistic usage based maintenance policy, proposed 
by Zhu (2016), for a single component in a multi-item system. It considers both scheduled downs (SDs) 
and unscheduled downs (USDs), caused by other components in the system, as opportunities to 
perform preventive maintenance. The component is referred to as a UBM (usage based maintenance) 
component. The model optimizes the age limit of the UBM component for a given maintenance 
interval 𝜏. This policy is also called an age based maintenance policy in literature, but we refer to it as 
a UBM policy in this report. After the age limit, opportunities to replace the component preventively 
are taken. The optimal value of the age limit minimizes the average long-run cost rate for a fixed value 
of 𝜏. The model is explained with the help of the timeline shown in Figure 6. 

Figure 6: Timeline of usage based maintenance model 

In the model, there are an infinite amount of SDs because we assume an infinite time horizon. The 
time between two SDs is equal to 𝜏. For a component that is maintained under a UBM policy, a 
maintenance interval, that is a multiple of 𝜏, is defined at which the component will be replaced 
preventively during an SD (this is equal to 2𝜏 in Figure 6). Furthermore, there are USDs that arrive 
according to a Poisson process. The age limit (𝐴) is a decision variable in this model. After 𝐴, all downs, 
either scheduled or unscheduled, will be regarded as opportunities to perform preventive 
maintenance. The model assumes that the first occurring opportunity is taken. This model is extended 
by Teeuwsen (2016) with the probability that customer accepts a USD as a maintenance opportunity 
(𝑃(𝑌)), which is later simplified by Van Elderen (2016). This extension is included in our model. 
 
The UBM model distinguishes three types of maintenance actions, which are shown in Figure 7: 

A. Preventive maintenance at SD: when the system stops due to an SD, it provides the 
opportunity for a UBM component that has passed its age limit, to be maintained together 
with other components in the system. If this opportunity is taken, then a preventive 
maintenance at an SD action will be taken on this UBM component with corresponding costs 
𝐶𝑆𝐷. This scenario occurs with probability 𝑃𝑆𝐷. 

B. Preventive maintenance at USD: when the system stops due to a failure of another 
component, it provides the opportunity for a UBM component that has passed its age limit, 
to be maintained together with other components in the system. If this opportunity is taken, 
then a preventive maintenance at a USD action will be taken on this UBM component with 
corresponding costs 𝐶𝑈𝑆𝐷. The setup costs for this visit are paid by the component that causes 
the USD. This scenario occurs with probability 𝑃𝑈𝑆𝐷. 

C. Corrective maintenance visit: when a failure of a UBM component occurs before: 1) it reaches 
its age limit, 2) no SD or USD opportunities occur or 3) when no USD opportunity is accepted, 
a corrective replacement of the UBM component is conducted with corresponding costs 𝐶𝐶𝑀. 
This scenario occurs with probability 𝑃𝐶𝑀. 
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The calculation of the probabilities of occurrence of each maintenance action (𝑃𝑆𝐷, 𝑃𝑈𝑆𝐷 , 𝑃𝐶𝑀) is 
shown in Appendix D. The probabilities, of which the sum is equal to one, are based on: 

1. The arrival rate of unscheduled downs due to failure of other parts (λ). 
2. The lifetime distribution of the UBM component (𝑓(𝑢)). The lifetime distribution can follow 

various distributions with different parameters. 

When a component passes its age limit, an SD or USD can be used to perform preventive maintenance 
on the component. Depending on the age limit, the lifetime distribution, and the arrival rate of 
unscheduled and scheduled downs, probabilities of occurrence can be calculated for each 
maintenance action type. 
 
According to the renewal theory, the expected maintenance cost rate 𝑍𝑈𝐵𝑀(𝐴) [𝑒𝑢𝑟𝑜 𝑦𝑒𝑎𝑟⁄ ] of the 
component is: 

𝑍𝑈𝐵𝑀(𝐴) =
𝐸𝐶𝐶(𝐴)

𝐸𝐶𝐿(𝐴)
 (2) 

Minimization of the cost rate leads to the optimal 𝐴. For the exact calculation of the 𝐸𝐶𝐶 and 𝐸𝐶𝐿 we 
refer to the complete mathematical model of the single-item UBM model in Appendix D. 

5.3 Condition based maintenance model for continuously monitored 
components 

This section exists of an explanation of an opportunistic condition based maintenance policy, 
proposed by Zhu (2016), for a single component in a multi-item system. It considers both SDs and 
USDs as opportunities to perform preventive maintenance. The component is referred to as a CBM 
(condition based maintenance) component. This model determines the optimal control limit of a 
component of which the condition is monitored continuously, in order to decide the timing of taking 
opportunistic maintenance, where the long-run average cost rate is minimized for a fixed value of 𝜏. 
The model is explained with the help of the timeline shown in Figure 8. 
 
 
 
 
 
 
 

The CBM model works with the same structure as the UBM model. CBM uses, instead of an age limit, 
a control limit (𝐶) and failure value (𝐹). The grey, increasing lines in Figure 8 represent the condition 
of the component. At a certain point, the condition passes its control limit, which indicates that the 
component approaches its failure value. After this control limit, all downs, either scheduled or 
unscheduled, will be regarded as opportunities to perform preventive maintenance. When the 
condition of a component passes its failure value, it fails. Identical to the UBM model, the CBM model 
makes use of an infinite amount of SDs, with the time between two SDs equal to 𝜏. Furthermore, USDs 
arrive according to a Poisson process. The probability that a customer accepts a USD as maintenance 

Figure 8: Timeline condition based maintenance model 

Figure 7: Three types of maintenance actions for UBM model: preventive maintenance at SD (A), preventive 
maintenance at USD (B), and corrective maintenance (C) 
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opportunity (𝑃(𝑌)) proposed by Teeuwsen (2016) and Van Elderen (2016) is also included in the 
continuous CBM model.  
 
The CBM model distinguishes three types of maintenance actions, which are shown in Figure 9: 

A. Preventive maintenance at SD: when the system stops due to an SD, it provides the 
opportunity for a CBM component that has passed its control limit, to be maintained together 
with other components in the system. If this opportunity is taken, then a preventive 
maintenance at an SD action will be taken on this component with corresponding costs 𝐶𝑆𝐷. 
This scenario occurs with probability 𝑃𝑆𝐷. 

B. Preventive maintenance at USD: when the system stops due to a failure of another 
component, it provides the opportunity for a CBM component that has passed its control limit, 
to be maintained together with other components in the system. If this opportunity is taken, 
then a preventive maintenance at a USD action will be taken on this component with 
corresponding costs 𝐶𝑈𝑆𝐷. The setup costs for this visit are paid by the component that causes 

the USD. This scenario occurs with probability 𝑃𝑈𝑆𝐷. 
C. Condition based maintenance visit: when the condition of a CBM component is very close to 

its failure limit, and 1) no SD or USD opportunities occur or 2) no USD opportunity is accepted, 
a CBM replacement of the component is conducted just before the component fails with 
corresponding costs 𝐶𝐶𝐵𝑀 . This scenario occurs with probability 𝑃𝐶𝐵𝑀. 
 

Compared to the UBM model, the third type of maintenance action is different for the continuous 
CBM model. For a CBM component that is continuously monitored, we know when the component is 
just before failure. When no SD or USD opportunity occurs before failure, a scheduled visit, that is 
especially arranged for this component, is planned to replace it just before failure. Because this visit 
can be planned in advance, we call it a CBM instead of CM visit. It is considered as an SD, only not 
scheduled a year in advance (like the SDs every 𝜏 time units in Figure 8) but a few weeks in advance, 
depending on the control limit. The visit is especially arranged for this component, so no maintenance 
opportunity due to another component is used. Furthermore, the CBM visit does not serve as an 
opportunity to replace other components. 

The calculation of the probabilities of occurrence of each maintenance action (𝑃𝑆𝐷, 𝑃𝑈𝑆𝐷, 𝑃𝐶𝐵𝑀) is 
shown in Appendix E. The probabilities, of which the sum is equal to one, are based on: 

1. The arrival rate of unscheduled downs due to failure of other parts (λ). 
2. The degradation process of the CBM component with corresponding lifetime distribution 

(𝑓(𝑢)). The lifetime distribution can follow various distributions with different parameters. 

When a component passes its control limit, an SD or USD can be used to perform preventive 
maintenance on the component. Depending on the control limit, the degradation process with its 
lifetime distribution, and the arrival rate of unscheduled and scheduled downs, probabilities of 
occurrence can be calculated for each maintenance action type. 

 
According to the renewal theory, the expected total maintenance cost rate 𝑍𝐶𝐵𝑀𝑐𝑜𝑛

(𝐶) [𝑒𝑢𝑟𝑜 𝑦𝑒𝑎𝑟⁄ ] 

of the component is: 

𝑍𝐶𝐵𝑀_𝑐𝑜𝑛(𝐶) =
𝐸𝐶𝐶(𝐶)

𝐸𝐶𝐿(𝐶)
 (3) 

Figure 9: Three types of maintenance actions for CBM model: preventive maintenance at SD (A), preventive 
maintenance at USD (B), and CBM visit (C) 
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Cost rate minimization leads to the optimal 𝐶. For the exact calculation of the 𝐸𝐶𝐶 and 𝐸𝐶𝐿, we refer 
to the complete mathematical model of the single-item continuous CBM model in Appendix E. 

5.4 Condition based maintenance model for inspection components 
This section exists of an explanation of a new opportunistic CBM model for components that require 
an inspection to determine their condition. The CBM model of Section 5.3 assumes that components 
maintained under a CBM policy are continuously monitored. In this way, one can always access the 
condition of the component remotely. However, this is often not possible in practice. For some CBM 
components, an inspection needs to be executed to find out their condition. Condition information of 
these components can only be acquired when a service engineer performs an inspection on-site. 
When a service engineer performs an inspection and finds out the component has passed its control 
limit, there are three options (as described in Section 4.4): 

1. The service engineer has the component with him and replaces it, this happens with 
probability 𝑃𝑟𝑒𝑝. 

2. The component is delivered to the customer and is then replaced, this happens with 
probability 𝑃𝑡𝑟𝑠. This causes no extra downtime because we assume that when a component 
is transported, there is enough work for the service engineer during the transport time. 

3. The service engineer cannot replace the component and comes back at a later moment to 

replace it, this happens with probability 𝑃𝑙𝑎𝑡. 

Obviously, 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠 + 𝑃𝑙𝑎𝑡 = 1. The probabilities serve as input values for the model. 
 
As explained in Section 5.3, a continuously monitored CBM component is replaced just before it fails 
during a CBM visit when no opportunity occurs before failure. This is not possible for a CBM inspection 
component, because we do not have continuously access to condition data. When no SD or USD 
opportunities occur to replace the component before failure, it is correctively replaced during a CM 
visit with corresponding costs 𝐶𝐶𝑀. Furthermore, two new parameters are introduced in the model, 

which are inspection costs 𝐶𝑖𝑛𝑠 and transportation costs 𝐶𝑡𝑟𝑠.  
 
The continuous CBM model of Section 5.3 distinguishes three types of first maintenance moments 
after the control limit is passed: 1) SD opportunity, 2) USD opportunity and 3) CBM visit. In this new 
CBM model for inspection components, a component is inspected at every maintenance opportunity, 
either SD or USD, before it is replaced. This is not optimal because an inspection of a relatively new 
component is unnecessary. For now, we assume that the component is inspected every opportunity 
to collect more degradation data of components.  
 
When a service engineer inspects a component that has passed its control limit, the component is 
replaced during this first maintenance moment after the control limit with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠. 
The component is replaced during the second maintenance moment after the control limit with 

probability 𝑃𝑙𝑎𝑡. The service engineer does not perform an inspection during the second moment, 
because it is known from previous inspection that the component has passed its control limit. In case 
no opportunity occurs after the control limit, the component fails and is replaced correctively. When 
this happens, no inspection is performed because it is already known that the component has failed. 
For each first (phase 1) and second (phase 2) maintenance moment after the control limit, we 
distinguish different scenarios. Graphical visualisations of the scenarios are shown in Figure 10 and 
the connections between the scenarios are shown in Figure 11. Each scenario has a probability of 
occurrence, which depends on the type of maintenance moment and the probabilities 𝑃𝑟𝑒𝑝 , 𝑃𝑡𝑟𝑠 and 

𝑃𝑙𝑎𝑡: 

Phase 1: three types of first maintenance moments after the control limit is passed: 

A. Scheduled down: the component is inspected with corresponding costs 𝐶𝑖𝑛𝑠 and 
replaced preventively during this visit with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠. The cost of this 
replacement is 𝐶𝑆𝐷  and with probability 𝑃𝑡𝑟𝑠, there is an additional cost 𝐶𝑡𝑟𝑠. This 
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scenario occurs with probability 𝑃1
𝑆𝐷. The component is replaced at the second 

maintenance moment with probability 𝑃𝑙𝑎𝑡, in which case we go to phase 2. 

B. Unscheduled down: the component is inspected with corresponding costs 𝐶𝑖𝑛𝑠 and 
replaced preventively during this visit with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠. The cost of this 
replacement is 𝐶𝑈𝑆𝐷  and with probability 𝑃𝑡𝑟𝑠, there is an additional cost 𝐶𝑡𝑟𝑠. This 

scenario occurs with probability 𝑃1
𝑈𝑆𝐷 . The component is replaced at the second 

maintenance moment with probability 𝑃𝑙𝑎𝑡, in which case we go to phase 2. 
C. Corrective visit: the component has failed and is replaced correctively with 

corresponding costs 𝐶𝐶𝑀. This scenario occurs with probability 𝑃1
𝐶𝑀. 

       Phase 2: three types of second maintenance moments after the control limit is passed: 
D. Scheduled down: the component is replaced preventively with corresponding costs 

𝐶𝑆𝐷. This scenario occurs with probability 𝑃2
𝑆𝐷. 

E. Unscheduled down: the component is replaced preventively with corresponding costs 

𝐶𝑈𝑆𝐷. This scenario occurs with probability 𝑃2
𝑈𝑆𝐷. 

F. Corrective visit: the component has failed and is replaced correctively with 

corresponding costs 𝐶𝐶𝑀. This scenario occurs with probability 𝑃2
𝐶𝑀. 

In the UBM model, discussed in Section 5.2, and the continuous CBM model, discussed in Section 5.3, 
the first SD and first allowed USD after the control limit are used as opportunities for preventive 
replacement. Therefore, the model uses only the time point that the first SD and first allowed USD 
occurs. As discussed in the scenarios above, the new CBM model does not use only the first SD and 
USD but also uses the second SD and second allowed USD. The USDs arrive according to a Poisson 
process that has exponentially distributed interarrival times with arrival rate 𝜆. To count the number 
of allowed USDs that occur within an interval, the Poisson point process is used. The process with 
arrival rate 𝜆 implies the probability that the number of points 𝑁 in an interval (0, 𝑡] has a Poisson 
distribution with parameter 𝜆𝑡. We can easily count the number of SDs because 𝜏 is fixed. 
 

The calculations of the probabilities of occurrence of each maintenance scenario (𝑃1
𝑆𝐷 , 𝑃1

𝑈𝑆𝐷, 

𝑃1
𝐶𝑀 , 𝑃2

𝑆𝐷 , 𝑃2
𝑈𝑆𝐷 , 𝑃2

𝐶𝑀) are shown in Appendix F. The probabilities, of which the sum is equal to one, 
are based on: 

1. The arrival rate of unscheduled downs due to failure of other parts (𝜆). 
2. The degradation process of the CBM component with corresponding lifetime distribution 

(𝑓(𝑢)). The lifetime distribution can follow various distributions with different parameters. 
3. The probabilities that a service engineer replaces a component on the first or second 

maintenance moment after the control limit (𝑃𝑟𝑒𝑝, 𝑃𝑡𝑟𝑠 and  𝑃𝑙𝑎𝑡). 

Figure 10: First and second maintenance moment with three types of maintenance actions for CBM inspection model: 
(A) first moment SD, (B) first moment USD, (C) first moment CM, (D) second moment SD, (E) second moment USD, and 

(F) second moment CM 
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The expected cycle cost of a component can be calculated by multiplying the probabilities of 

occurrence of each maintenance action (𝑃1
𝑆𝐷, 𝑃1

𝑈𝑆𝐷, 𝑃1
𝐶𝑀 , 𝑃2

𝑆𝐷 , 𝑃2
𝑈𝑆𝐷 , 𝑃2

𝐶𝑀)  with their corresponding 
costs. Subsequently, the UBM and CBM models discussed in Section 5.2 and 5.3 respectively, consider 
only the arrivals of USDs and SDs after the control limit. In this new CBM model, each time a service 
engineer is on-site for an SD or USD visit, the condition of the component is inspected and the cost of 

an inspection is paid. Therefore, the expected number of unscheduled (𝑁𝑟𝑢𝑠𝑑) and scheduled (𝑁𝑟𝑠𝑑) 

visits before the control limit is passed are needed. The total number of visits (𝑁𝑟𝑢𝑠𝑑 + 𝑁𝑟𝑠𝑑) is 

multiplied with the inspection costs 𝐶𝑖𝑛𝑠 in the expected cycle cost function.  
 
The end of a component’s maintenance cycle depends on whether it is replaced during the first or 
second maintenance moment after the failure limit. For each scenario that is discussed above, the 
contribution to the expected cycle length can be calculated. The total expected cycle length of the 
component is the sum of the contributions in all scenarios. 
 
According to the renewal theory, the expected total maintenance cost rate 𝑍𝐶𝐵𝑀𝑖𝑛𝑠

(𝐶) [𝑒𝑢𝑟𝑜 𝑦𝑒𝑎𝑟⁄ ] 

of the component is:  

𝑍𝐶𝐵𝑀_𝑖𝑛𝑠(𝐶)  =
𝐸𝐶𝐶(𝐶)

𝐸𝐶𝐿(𝐶)
 (4) 

Minimization of the cost rate leads to the optimal 𝐶. The complete mathematical model for the single-
item CBM model for inspection components can be found in Appendix F. The model discussed in this 
section, assumes that when a service engineer cannot replace a component, it is replaced during the 
next maintenance moment, which is either an SD, USD or CM visit. As an alternative, we could decide 
that when a service engineer discovers a component that has passed its control limit, we do not wait 
until the next maintenance moment. Instead, we plan a new maintenance visit shortly after the 
inspection. In this way, we avoid the scenario that the component fails when no opportunity occurs 
between the inspection and failure. In the case study of Chapter 7, we compare the alternative 
strategy, which is explained in Appendix G, with the strategy discussed in this section. 

5.5 Multi-item maintenance optimization 
In this section, a model is explained to solve a maintenance optimization problem for a system with a 
mixture of components under CBM, UBM and FBM policies, by using the single-item maintenance 
models discussed previously. The single-item models cannot be applied directly to multi component 
systems because one has to deal with the economic, structural or stochastic dependencies among the 
components. This model only considers the economic dependence and is initially proposed by Zhu 
(2016) but is extended in different ways. Firstly, the model includes CBM components that require an 
inspection to determine their condition, instead of only continuously monitored CBM components. 
Secondly, a time restriction for both scheduled and unscheduled maintenance visits is included in the 
model. When the time restriction is exceeded, the service engineer has to come back for a second 
maintenance visit. During this second maintenance visit, only the remaining maintenance actions of 
the initial maintenance visit are performed. Therefore, the second visit does not serve as a preventive 
maintenance opportunity for components that have passed their preventive maintenance limits 
between the initial and the second visit. This is because the mathematical model of Zhu (2016) is not 
adapted, but we only include additional costs when the time restriction is exceeded. Lastly, the 

Figure 11: Overview inspection CBM model 
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average availability of the system is included. The maintenance optimization model with a heuristic 
procedure is developed to optimize 1) the control limits of CBM components, 2) the age limits of UBM 
components, and 3) the maintenance interval for scheduled downs 𝜏 of the entire system. The main 
problem at system level is decomposed into subproblems at component level.   
 
A system consisting of multiple components that are subject to failures is considered. The set 𝐼 
denotes the set of all components, and the components are numbered as {1,…,|𝐼|}, see Figure 12. 
components within the system follow different maintenance policies. The sets of components that are 
under a continuous CBM (CCBM), inspection CBM (ICBM), UBM and FBM policy are denoted as 𝐼𝐶𝐶𝐵𝑀 , 
𝐼𝐼𝐶𝐵𝑀 , 𝐼𝑈𝐵𝑀 and 𝐼𝐹𝐵𝑀  respectively.  
Two 

types of system downs are considered in the model: 1) SDs and 2) USDs. Every SD and USD will cause 
a period of downtime and a setup cost for maintenance actions. The model minimizes the long-run 
average maintenance costs of the system by combining preventive maintenance activities of UBM and 
CBM components with the SDs and USDs. SDs are planned at fixed time points {𝜏, 2𝜏, 3𝜏, … , ∞} over 
an infinite horizon. The value of 𝜏 is a decision variable in our model. The USDs may come from the 
FBM, UBM or CBM components. The arrivals of USDs are approximated by using a Poisson process. 
 
First, the control limits 𝐶𝑖 , 𝑖 ∈  𝐼𝐶𝐶𝐵𝑀 + 𝐼𝐼𝐶𝐵𝑀  and the age limits 𝐴𝑖 , 𝑖 ∈ 𝐼𝑈𝐵𝑀  for a given 𝜏 are 
optimized. Next, the value of 𝜏 is optimized. This leads to subproblems at component level and a main 
problem at system level that have to be solved. Let us first formulate the subproblem for a given 𝜏. 
Let 𝑪 and 𝑨 be vectors consisting of all 𝐶𝑖 , 𝑖 ∈  𝐼𝐶𝐶𝐵𝑀 + 𝐼𝐼𝐶𝐵𝑀  and all 𝐴𝑖 , 𝑖 ∈ 𝐼𝑈𝐵𝑀 . The long-run 
average cost rate under a given choice for 𝑪 and 𝑨 is denoted by 𝑍𝑠𝑦𝑠(𝜏, 𝑪, 𝑨). The average cost rate 

of scheduled downs 𝑆𝑆𝐷 𝜏⁄  and all other cost rates that can be directly coupled to individual 
components are included. The multi-item maintenance model of Zhu (2016) is extended by adding a 
time restriction on a maintenance visit as discussed in Section 4.4. When a maintenance visit exceeds 
its time restriction, the service engineer has to come back at a later moment to perform the remaining 

maintenance actions. For this additional visit, set-up costs (𝑆𝑆𝐷 ) and a penalty cost (𝐿𝑡𝑖𝑚𝑒) are paid. 

The probability that a maintenance visit exceeds its time restriction (𝑃𝑡𝑖𝑚𝑒), of which the calculation 
method is explained in Section 5.7, is multiplied with the number of preventive opportunities per year, 
which consists of: 1) unscheduled downs (𝜆) and 2) scheduled downs (1 𝜏⁄ ). We multiply with the total 
number of preventive opportunities per year because each opportunity, the time restriction is 

exceeded with probability 𝑃𝑡𝑖𝑚𝑒. When an additional visit is needed, it is not considered as an SD 
opportunity, which is discussed in beginning of this section. This means that the setup costs of the 
additional visit are not included in the cost rate of scheduled downs 𝑆𝑆𝐷 𝜏⁄  in Equation 5. Let 
𝑍𝑖(𝜏, 𝑪, 𝑨) be the cost rate that is coupled to component 𝑖 ∈ 𝐼. The cost rate of component 𝑖 ∈ 𝐼 is 
calculated with the single-item models, depending on its maintenance policy. Therefore, the cost rate 
𝑍𝑖  is either 𝑍𝐹𝐵𝑀 , 𝑍𝑈𝐵𝑀 , 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  or 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠. Then it holds that: 

𝑍𝑠𝑦𝑠(𝜏, 𝑪, 𝑨) =
𝑆𝑆𝐷

𝜏
+ (𝜆 +

1

𝜏
) ∗ 𝑃𝑡𝑖𝑚𝑒 ∗ (𝑆𝑆𝐷 + 𝐿𝑡𝑖𝑚𝑒) + ∑ 𝑍𝑖(𝜏, 𝑪, 𝑨)

𝑖∈𝐼

 (5) 

It is assumed that the degradation processes or lifetimes of components are independent of other 
components, and components are as good as new after repair or replacement. Because of this 
assumption, the average cost rate 𝑍𝑖(𝜏, 𝑪, 𝑨) for each component 𝑖 ∈ 𝐼 can be determined separately. 
For FBM components, the average cost rate consists of costs due to corrective maintenance actions 
and is independent of 𝑪 and 𝑨, so it can also be written as 𝑍𝑖(𝜏, 𝑪, 𝑨) = 𝑍𝑖(𝜏) for all 𝑖 ∈ 𝐼𝐹𝐵𝑀 , given 

Figure 12: Structure of multi-item system 
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𝜏. Further, for all CBM and UBM components, the average cost rate consists of costs due to preventive 
maintenance actions at SDs and USDs and costs due to corrective maintenance actions. For each CBM 
component 𝑖 ∈ 𝐼𝐶𝐶𝐵𝑀 + 𝐼𝐼𝐶𝐵𝑀  the optimal control limit 𝐶𝑖

∗ can be calculated that minimizes the cost 
rate 𝑍𝑖

∗(𝜏, 𝑪, 𝑨) = 𝑍𝑖(𝐶𝑖
∗(𝜏)), given 𝜏. Lastly, for each UBM component 𝑖 ∈ 𝐼𝑈𝐵𝑀, the optimal age 

limit 𝐴𝑖
∗ can be calculated that minimizes the cost rate 𝑍𝑖

∗(𝜏, 𝑪, 𝑨) = 𝑍𝑖(𝐴𝑖
∗(𝜏)), given 𝜏. Let 𝑪∗(𝜏) 

and 𝑨∗(𝜏) be the optimal vectors consisting of all 𝐶𝑖
∗ , 𝑖 ∈ 𝐼𝐶𝐶𝐵𝑀 + 𝐼𝐼𝐶𝐵𝑀  and all 𝐴𝑖

∗, 𝑖 ∈ 𝐼𝑈𝐵𝑀 , which 
minimize 𝑍𝑠𝑦𝑠(𝜏, 𝑪, 𝑨) under a given 𝜏. Then the minimum average cost rate for the complete system 

𝑍𝑠𝑦𝑠(𝜏) for a given 𝜏 is equal to: 

𝑍𝑠𝑦𝑠(𝜏) = 𝑍𝑠𝑦𝑠(𝜏, 𝑪∗(𝜏), 𝑨∗(𝜏)) (6) 

The subproblem for a given 𝜏 is to determine the optimal control limits 𝑪∗(𝜏) and age limits 𝑨∗(𝜏) and 
the corresponding average cost rate 𝑍𝑠𝑦𝑠(𝜏). After it is possible to solve the subproblem for a given 𝜏, 

the main problem at system level can be solved: 

𝑚𝑖𝑛
𝜏

          𝑍𝑠𝑦𝑠(𝜏) (7) 

                                                                 𝑠. 𝑡.          𝜏𝐿𝐵 < 𝜏 < 𝜏𝑈𝐵  

The value of 𝜏 is limited with a lower and upper bound. This gives the user the possibility to define a 
minimum and maximum number of SDs per year. The optimal maintenance interval 𝜏∗ ∈ [𝜏𝐿𝐵, 𝜏𝑈𝐵] 
can be found by minimizing the average cost rate of the system denoted by 𝑍∗

𝑠𝑦𝑠(𝜏) = 𝑍𝑠𝑦𝑠(𝜏∗). The 

complete heuristic approach for the multi-item maintenance model can be found in Appendix Q. 

5.6 Determination of availability 
In this section, we discuss the methods to calculate the availability of single components and the 
system as a whole. First, the method for single components is discussed, followed by the method for 
the complete system. The method for single components is the same under all maintenance policies. 
  
Single component availability 
To calculate the availability of a single component, we need the duration of each type of maintenance 
visit (𝑇𝑆𝐷 , 𝑇𝑈𝑆𝐷 , 𝑇𝐶𝑀 , 𝑇𝐶𝐵𝑀). When we multiply each duration with its corresponding probability of 
occurrence (𝑃𝑆𝐷 , 𝑃𝑈𝑆𝐷 , 𝑃𝐶𝑀 , 𝑃𝐶𝐵𝑀), which is calculated by the single-item models, we can calculate 
the expected maintenance time (EMT) of component 𝑖 per cycle: 

𝐸𝑀𝑇𝑖 = 𝑃𝑖
𝑆𝐷 ∗ 𝑇𝑖

𝑆𝐷 + 𝑃𝑖
𝑈𝑆𝐷 ∗ 𝑇𝑖

𝑈𝑆𝐷 + 𝑃𝑖
𝐶𝑀 ∗ 𝑇𝑖

𝐶𝑀 + 𝑃𝑖
𝐶𝐵𝑀 ∗ 𝑇𝑖

𝐶𝐵𝑀  (8) 

Obviously, each single-item model uses only the types of maintenance visits that it distinguishes. For 
example, the UBM model does not use a CBM visit, which means that 𝑃𝐶𝐵𝑀 is zero in Equation 8. In 

case of a CBM inspection component, the probability 𝑃𝑖
𝑆𝐷 = 𝑃𝑖,1

𝑆𝐷 + 𝑃𝑖,2
𝑆𝐷. This holds also for the other 

probabilities of scenario occurrence. The CM model does not calculate a probability of occurrence 

because the probability of a corrective maintenance visit 𝑃𝑖
𝐶𝑀 is equal to 1. 

 
In the calculation of the ECL in the single-item models, we assume that the maintenance duration is 
negligible. Therefore, the uptime of component 𝑖 during a maintenance cycle is equal to the ECLi and 
the downtime is equal to the EMTi. The average availability of a component during a maintenance 
cycle is equal to: 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖 =
𝑢𝑝𝑡𝑖𝑚𝑒𝑖

𝑢𝑝𝑡𝑖𝑚𝑒𝑖 + 𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑖
=

𝐸𝐶𝐿𝑖

𝐸𝐶𝐿𝑖 + 𝐸𝑀𝑇𝑖
 (9) 

System availability 
With the availability of single components, we can calculate the total system availability. The 
availability of individual components contains only the downtime caused by the specific component. 
When we consider individual components in a multi-item environment, we have to take into account 
that the system is also down when maintenance of other components is performed. Therefore, we 
cannot simply take the average of all individual availabilities as system availability. Figure 13 shows an 
example with two components. Component 1 is available for 7 days, followed by 0.5 days of 



32 

maintenance and component 2 is available for 14 days, followed by 0.5 days of maintenance. The 
individual availability of component 1 is: (7 7.5)⁄ ∗ 100% = 93.3% and the individual availability of 
component 2 is: (14 14.5)⁄ ∗ 100% = 96.6%. The figure shows that component 2 is also down during 
maintenance of component 1 when we consider the complete system. Therefore, the availability of 
the system is: (14 15.5)⁄ ∗ 100% = 90.3%. The average of both individual availabilities is: (93.3% +
96.6%)/2 = 95.0%, which is not equal to the system availability.  
 
 
 

Now, the method to calculate the system availability for a set of components is discussed. For each 
component in a system, the expected down- and uptime is calculated by the single-item models, which 
is used to calculate the individual availability. Figure 14 shows the calculation method for the example 
of Figure 13. First, we change each fraction between the downtime and uptime to make their 
denominators the same (step 1 in Figure 14). Next, we calculate the total downtime, which is equal to 
the sum of all downtimes and the total time, which is equal to total downtime + uptime (step 2 in 
Figure 14). Now we can calculate the system availability by dividing the total downtime by the total 
time (step 3 in Figure 14). 

Figure 14: Calculation system availability 

5.7 Probability visit exceeds time restriction 
In this section, we discuss the method to calculate the probability that a maintenance visit exceeds 
the time restriction. With the MTTF of a component as input, the probability that it is replaced at a 
maintenance visit, either SD or USD, can be calculated. The set 𝐼 denotes the set of all components 
and consists of components that are under a continuous CBM, inspection CBM, UBM and FBM policy. 
For a component 𝑖, 𝑖 ∈ 𝐼, the expected number of replacements per year is equal to: 1 𝑀𝑇𝑇𝐹𝑖⁄ . The 
total expected number of maintenance visits per year is the sum of all SDs (1 𝜏⁄ ) and all USDs caused 
by other components (𝜆) in one year. The probability that component 𝑖 is replaced (𝑅𝑃𝑖) during a 
maintenance visit, either SD or USD, is equal to: 

𝑅𝑃𝑖 =

1
𝑀𝑇𝑇𝐹𝑖

1
𝜏 + 𝜆

 (10) 

Each maintenance visit contains different maintenance tasks, which make the duration of each 
maintenance visit different. To calculate all possible durations of a maintenance visit, all possible 
combinations of a set of  components are generated. If the set has 𝑛 elements, the number 𝑘-
combinations is equal to the binomial coefficient: 

(
𝑛
𝑘

) =
𝑛!

(𝑛 − 𝑘)! 𝑘!
 (11) 

For each combination 𝐶, the total duration can be calculated by adding up the repair and calibration 
time of each component in the combination. The probability this duration happens can be calculated 
by multiplying two probabilities. The first one is the probability that the components of combination 
𝐶 are replaced, which is calculated by multiplying all replacement probabilities 𝑅𝑃𝑖 of 𝐶 with each 
other. The second chance is the probability that the components that are not part of 𝐶 are not 
replaced, which is the multiplication of all 1 − 𝑅𝑃𝑖 with each other: 
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𝑂𝑐𝑐𝑢𝑟𝑒𝑛𝑐𝑒 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = ∏ 𝑅𝑃𝑖

𝑖∈𝐶

∗ ∏ (1 − 𝑅𝑃𝑖)

𝑖∈𝐼\{𝐶}

 (12) 

The probability that a maintenance visit exceeds the time restriction is the sum of all occurrence 
probabilities of maintenance visits of which the duration exceeds the time restriction. An example of 
the method to calculate the probability is discussed in Appendix Z. 

5.8 Implementation, verification and validation  
The mathematical models of Sections 5.1 through 5.5 are implemented in Matlab to use them in the 
case study of Chapter 7. Matlab is a widely used computing program that is useful for complex 
numerical computing. We choose for this program because: 1) it is available at Additive Industries, 2) 
it is easy to use and 3) it can handle the mathematical expressions of our model. 
 
The implemented models are verified to confirm that they are implemented correctly. To do so, we 
use the same input parameters as the case studies of Zhu (2016). The results of the verification of the 
single-item maintenance models and the multi-item maintenance model can be found in Appendix O 
and Appendix BB respectively. We conclude that all models are implemented correctly. Subsequently, 
the implemented models are validated to check the accuracy of the model’s representation of the 
maintenance environment. For this, we make use of extreme values tests. The validation result for the 
single-item maintenance models can be found in Appendix P. Because we already validated the single-
item models, we do not validate the multi-item model separately, but we include it in the multi-item 
model sensitivity analysis of Appendix DD. Based on the validation, we conclude that all models are 
accurate.  

5.9 Discussion and conclusion 
In the present chapter we further investigated the second research question: “Which multi-item 
maintenance model is most suitable for the MetalFAB1?” Based on the conceptual design of Chapter 
4, we developed a solution procedure for multi-item maintenance optimization, which is elaborated 
in the detailed design. We started with a detailed design on the component level. For components 
that are maintained under a UBM or continuous CBM policy, we used the single-item models of Zhu 
(2016). We developed a new model for CBM components that require an inspection to determine 
their condition, which is based on the CBM model of Zhu (2016). Instead of replacing a component 
always on the first maintenance moment after the preventive maintenance limit, the component can 
also be replaced at the second maintenance moment in this new model. All single-item maintenance 
models are extended by including the average availability of a component during a maintenance cycle. 
For the detailed design on the system level, we used the multi-item maintenance optimization 
heuristic of Zhu (2016). We adapted the heuristic by adding a time restriction on a maintenance visit. 
We developed a method to calculate the probability that a maintenance visit exceeds the time 
restriction. Furthermore, the model on the system level is extended by including the average 
availability of the complete system. Finally, all models are implemented, verified and validated. 
 
A limitation of the new inspection CBM model is that we inspect a component at every opportunity, 
which is unnecessary for relatively new components. To avoid these unnecessary inspections, one can 
decide in the future to start inspecting a component when it is halfway its mean time to failure for 
example. This option should be considered carefully because we need to make sure that the 
component is inspected during the first maintenance moment after the control limit. Otherwise, the 
model is not reliable anymore. Furthermore, we assume in the multi-item model that when a second 
maintenance visit is needed, this does not serve as a preventive maintenance opportunity for 
components that have passed their preventive maintenance limits between the initial and the second 
visit. It is more realistic when this second visit serves also a preventive maintenance opportunity. In 
the future, one can extend the model by including this visit as an opportunity. 
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6 Input and output data handling 
This chapter answers the third research question. 

Research Question 3:  
“Which data are needed as input for the multi-item model and how can these data be 
collected?” 

We discuss the data requirements for the input values of the multi-item maintenance model 
presented in Chapter 5. Furthermore, we discuss the output values of the multi-item model. For the 
single-item maintenance models we distinguish between two types of input values: 1) general and 2) 
component lifetime input values, which are discussed in Section 6.1 and Section 6.2 respectively. 
Subsequently, the input requirements for the multi-item maintenance model are defined in Section 
6.3. Next, the output of all models is discussed in Section 6.4. After we have defined the data 
requirements for all models, we discuss the collection of this data in Section 6.5. The chapter ends 
with a conclusion in Section 6.6. 

6.1 General input values single-item maintenance models 
This section elaborates on the general parameter values of the model. We can further divide the 
general input values into parameters related to visit costs, discussed in Section 6.1.1, and parameters 
related to machine downs, discussed in Section 6.1.2.  

6.1.1 Parameters related to visit costs  
We distinguish four types of maintenance visits in the models, with each a different combination of 
costs and durations. We start with defining the functions to calculate the total costs and duration of a 
visit. The definition of each element of these functions is discussed in the rest of this section. 
Subsequently, the value of each element for Additive Industries is discussed in Appendix M. The cost 
and duration of preventive maintenance during a scheduled maintenance visit are: 

𝐶𝑆𝐷 =
𝑆𝑆𝐷

𝑁𝑐𝑝𝑛
+ (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙)  + 𝐶𝑐𝑝𝑛 

𝑇𝑆𝐷 =
𝑇𝑟𝑒𝑐 + 𝑇𝑆𝑆𝐷

𝑁𝑐𝑝𝑛
+ 𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙  

The cost and duration of preventive maintenance during an unscheduled maintenance visit are: 

𝐶𝑈𝑆𝐷 = 𝐿𝑈𝑆𝐷 + (𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) + 𝐶𝑐𝑝𝑛 

𝑇𝑈𝑆𝐷 = 𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙 + 𝑇𝐿 

The cost and duration of a corrective maintenance visit, which is used in the UBM and inspection CBM 
model, are: 

𝐶𝐶𝑀 = 𝑆𝐶𝑀 + 𝐿𝐶𝑀 + (𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙)  + 𝐶𝑠𝑦𝑠

𝑈𝑆𝐷 ∗ 𝑇𝑟𝑠𝑝 + 𝐶𝑐𝑝𝑛 + 𝐶𝑐𝑠𝑞  

𝑇𝐶𝑀 = 𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙 + 𝑇𝑟𝑒𝑐 + 𝑇𝑆𝐶𝑀
+ 𝑇𝑟𝑠𝑝  

The cost and duration of a condition based maintenance visit, which is used in the continuous CBM 
model, are: 

𝐶𝐶𝐵𝑀 = 𝑆𝑆𝐷 + (𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) + 𝐶𝑐𝑝𝑛 

𝑇𝐶𝐵𝑀 = 𝑇𝑆𝑆𝐷
+ 𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙 + 𝑇𝑟𝑒𝑐  

Now, the definition of each cost and duration element of the cost functions is discussed. We can divide 
the costs into different categories: 1) fixed, 2) downtime, 3) component related, and 4) salary costs.  
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Fixed costs: 

• Setup costs (𝑆𝐶𝑀  & 𝑆𝑆𝐷  [𝑒𝑢𝑟𝑜]) 
The fixed costs before taking maintenance actions are called setup costs. These costs contain 
travel and accommodation costs of a service engineer as well as the transportation costs of 
all necessary equipment. We distinguish between setup costs for a CM visit (𝑆𝐶𝑀) and an SD 
(𝑆𝑆𝐷 ). The costs are different because: 1) SD visits can be planned beforehand, whereas CM 
visits cannot be planned, 2) the service engineer needs more preparation time and 3) extra 
costs may be incurred to get the maintenance equipment available within a short time period, 
so we assume 𝑆𝐶𝑀 > 𝑆𝑆𝐷. The setup costs for an SD are shared between the average number 
of components that are replaced during an SD (𝑁𝑐𝑝𝑛). There are no setup costs when a 
preventive action is performed during a CM visit of another component because the setup 
costs are already incurred for that other component. Another element of the setup costs are 
the recovery costs. Recovery costs are made to bring the system back to an operational level 
after a maintenance visit. 

• Penalty costs for CM replacement (𝐿𝐶𝑀  [𝑒𝑢𝑟𝑜]) 
Customers prefer SDs over USDs because of the predictability. To include this preference, we 
introduce penalty costs for each CM replacement. The penalty costs are not incurred when a 
preventive action is performed during a CM visit of another component.  

• Penalty costs for USD replacement (𝐿𝑈𝑆𝐷  [𝑒𝑢𝑟𝑜]) 
Whenever a USD occurs, customers want this to last as short as possible because unplanned 
downtime is expensive. To include this preference, we introduce penalty costs for each 
preventive replacement during a USD.  

• Penalty costs for exceeding time restriction (𝐿𝑡𝑖𝑚𝑒  [𝑒𝑢𝑟𝑜]) 
When a maintenance visit exceeds its time restriction, we have to pay a penalty. This penalty 
is included to make long maintenance visits less attractive. 

• Inspection costs (𝐶𝑖𝑛𝑠  [𝑒𝑢𝑟𝑜]) 
Some components require an inspection to determine the current condition of the 
component. The cost of an inspection is equal to the salary costs of the service engineer during 
the inspection time. We assume that the inspection costs are the same for each component. 

• Transportation costs (𝐶𝑡𝑟𝑠  [𝑒𝑢𝑟𝑜]) 
Transportation costs are paid when a service engineer decides, after an inspection of a 
component that he does not have with him, to transport the component to the customer. 

Downtime costs: 
• Losses due to system down (𝐶𝑠𝑦𝑠

𝑆𝐷  & 𝐶𝑠𝑦𝑠
𝑈𝑆𝐷  [𝑒𝑢𝑟𝑜 ℎ𝑜𝑢𝑟]⁄ )  

Currently, Additive Industries suffers no losses if the customer is unable to produce on a 
system because all systems are in a warranty period. The service contracts for customers after 
the warranty period are currently under development. When these contracts are finished, we 
can say more about the losses due to system down. A potential loss for Additive Industries is 
that less consumables are purchased when a customer is unable to produce on a system. 
Currently, customers are not obliged to buy consumables at Additive Industries, so we cannot 
consider this as actual losses. In general, the losses for a USD (𝐶𝑠𝑦𝑠

𝑈𝑆𝐷) are substantially higher 

than the losses for an SD (𝐶𝑠𝑦𝑠
𝑆𝐷 ). In this way, we include the preference of customers to have 

SDs over USDs. When the value of 𝐶𝑠𝑦𝑠
𝑈𝑆𝐷  is equal to zero, the costs of an SD are higher than 

the costs of a USD, which is not logical. Therefore, we use a fictitious 𝐶𝑠𝑦𝑠
𝑈𝑆𝐷  value for the 

optimization problem. Later on, in the calculation of the total system costs, these costs are 
subtracted because they are not “real” costs. 
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Components related costs: 

• Component costs (𝐶𝑐𝑝𝑛 [𝑒𝑢𝑟𝑜]) 
The cost price of a component differs per component and is equal to the costs Additive 
Industries needs to pay for this component. The cost price of a component is included to 
prevent lifetime waste of expensive components. 

• Costs of failure consequences (𝐶𝑐𝑠𝑞  [𝑒𝑢𝑟𝑜]) 
When a component fails, it can cause further damage to the rest of the machine. These 
consequential costs are included in the model to make CM visits even more undesirable. 

Salary costs: 

• Salary costs of the service engineer (𝐶𝑠𝑎𝑙  [𝑒𝑢𝑟𝑜/ℎ𝑜𝑢𝑟]) 
A service engineer has an hourly wage to perform maintenance at the site. The salary costs of 
the service engineer for preparation time of a maintenance visit are already included in the 
setup costs.  

Duration of actions related to maintenance: 

• Response time (𝑇𝑟𝑠𝑝  [ℎ𝑜𝑢𝑟𝑠]) 
In case of a CM visit, the machine is down for the time between the customer calls in a failure 
and the service engineer arriving on site.  

• Repair time (𝑇𝑟𝑒𝑝  [ℎ𝑜𝑢𝑟𝑠]) 
Each component has a repair time. During repair of the component, the machine is down and 
the service engineer is working. 

• Recovery time (𝑇𝑟𝑒𝑐  [ℎ𝑜𝑢𝑟𝑠]) 
Each maintenance visit, there is some recovery time needed to bring the system back to an 
operational level. During the recovery time, the machine is down and the service engineer is 
working.  

• Calibration time (𝑇𝑐𝑎𝑙  [ℎ𝑜𝑢𝑟𝑠]) 
Some components require calibration after replacement to maintain its accuracy. During the 
calibration of the component, the machine is down and the service engineer is working. 

• Setup time (𝑇𝑆𝐶𝑀
 & 𝑇𝑆𝑆𝐷

 [ℎ𝑜𝑢𝑟𝑠]) 
The time it takes before taking maintenance actions is called setup time. We distinguish 

between setup time for a CM visit (𝑇𝑆𝐶𝑀
) and an SD visit (𝑇𝑆𝑆𝐷

). The durations are different 

because of the same reasons as the setup costs. Therefore, we assume 𝑇𝑆𝐶𝑀
> 𝑇𝑆𝑆𝐷

. The 
setup time for an SD is shared between the average number of components that are replaced 
during an SD (𝑁𝑐𝑝𝑛). There is no setup time when a preventive action is performed during a 
CM visit of another component because the setup time is already incurred for that other 
component. 

• Time penalty for USD replacement (𝑇𝐿 [ℎ𝑜𝑢𝑟𝑠]) 
To include the preference of customers to have an SD instead of a USD, we introduce a time 
penalty for a preventive replacement during a USD. 

6.1.2 Parameters related to machine downs 
There are three machine down input variables that need to be defined for the single-item models. The 
first variable is the arrival rate of USDs per year (𝜆). The model of Zhu (2016) assumes that the inter 
arrival time of failures follow an Exponential distribution with rate 𝜆. In this way, the corrective 
maintenance actions that cause USDs can be modelled as a homogeneous Poisson process. According 
to the Palm-Khintchine theorem (Daley & Vere-Jones, 2008), even if the failure times of some 
components do not follow Exponential distributions, the combination of a large amount of non-
Poisson renewal processes will still have Poisson properties. Unfortunately, this assumption cannot 
be tested for the MetalFAB1 because the machine is not long enough in the field yet. The value of 𝜆 is 
set at 5 for the MetalFAB1 because the service contract, which is currently under development, 
assumes most likely 5 USDs per year. The second machine variable is the time in years between two 
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SDs (𝜏). The number of scheduled downs per year is most likely equal to two in the service contract. 
We use this value as input for the single-item models and set 𝜏 equal to 0.5 years. The last machine 
variable is the probability of a customer allowing preventive maintenance during a USD (𝑃(𝑌)). Most 
of the time, customers of Additive Industries allow preventive maintenance. Therefore, the value of 
this variable is set equal to 0.8. For the single-item maintenance models, the value of 𝜆 and 𝜏 is fixed. 
Later on, in the multi-item maintenance model, the values will be varied and 𝜏 will be optimized. 

6.2 Component lifetime input values single-item maintenance models 
This section elaborates on the input values of the model related to the lifetime of components, which 
can be further divided into input values for CM & UBM models and input values for CBM models. 

Input values for UBM and CM models  
To calculate the average cost rate of a component under a FBM or UBM policy, we need the expected 
lifetime of a component. The lifetime depends on the failure distribution with corresponding 
parameters. Before we can fit a failure distribution, we need information about the moment of failure 
of the component. When there is enough data available, the parameters are estimated that will fit the 
distribution to the data. This can be done for example with the distribution fitting app of Matlab. With 
the failure distribution we can calculate the expected lifetime of the component. Commonly used life 
distributions are the Weibull, Lognormal, Exponential, and Normal distribution (Leemis, 1995). 
Currently, there is not enough failure data available within Additive Industries, which makes it not 
possible to fit a failure distribution to real data. In reliability engineering, the Weibull distribution is 
the most commonly applied because of its ability to describe many different failure types. Therefore, 
we decide to use a Weibull failure distribution for analysis of UBM components. Because no decision 
variables are optimized in the CM model, we do not make use of a failure distribution but use the 
mean time to failure of components instead.  
 
Because there is not enough failure data available within Additive Industries, we will rely on expert 
opinions. There are some reasons why it is not possible to base information on the actual failure 
behaviour of components in the field: 

1. The recent introduction of the MetalFAB1 results in the absence of failures in the field. 
2. Some components are replaced preventively. This means that they are replaced before they 

really broke down and the actual failure time lies somewhere behind the point of 
replacement. In this way we do not know the exact time of failure. 

3. Since the MetalFAB1 is brought to market, many components of the machine have been and 
will be further developed by the R&D department. This makes the data about several 
components that are currently available irrelevant for the future.  

Input values for CBM models 
The first step in the CBM process is to acquire useful data on components that can describe its 
condition. The selection of which data are suitable for monitoring a component’s health depend on 
the failure modes and its underlying failure mechanisms. Since failure modes are very specific for 
components, it is difficult to define a complete list of appropriate measurement signals. However, a 
lot of case studies of CBM applications have been published in literature (e.g. Zhan et al (2003) and 
Fugate et al. (2001)). For example, one type of data that is often used is vibration for the condition of, 
among others, pumps, compressors, and pressure blowers.  
 
After the right condition data has been gathered, we need to decide what degradation model best fits 
the stochastic degradation behaviour of the component. Degradation models that are commonly used 
in reliability engineering are: 1) random coefficient model, 2) gamma process, and 3) Markov process. 
The CBM model of Zhu (2016) uses the random coefficient model with a Weibull distributed slope. 
Random coefficient models are used a lot in practice, due to its flexibility of describing various 
degradation paths. Since there is hardly failure data available within Additive Industries and an 
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investigation of different methods to model degradation paths is not part of this master thesis, the 
random coefficient model with a Weibull distributed slope is used for analysis of CBM components. It 
is, however, recommended for Additive Industries to investigate different methods in the future when 
the remote data makes it easier to analyse degradation paths of components. For the random 
coefficient model, three parameters of a component are needed: 1) the degradation path 𝑋(𝑡), 2) the 
start value of the degradation path (𝑏) and 3) the failure value of the degradation path (𝐹). The 
degradation path is given by the function: 

𝑋(𝑡) = 𝑎 + 𝜃𝑡,         with failure limit: 𝐹 

For components that require an inspection by a service engineer to determine the condition of the 
component, the following three probabilities are needed as input for the model: 

𝑃𝑟𝑒𝑝:    The probability that the service engineer has the component with him and replaces it directly 
𝑃𝑡𝑟𝑠: The probability that the component is delivered to the customer via transport  

𝑃𝑙𝑎𝑡: The probability that the service engineer cannot replace the component and comes back later. 
 
Peeters (2016) shows in his research that for the selected functions, exposure and powder layer 
deposit, CBM is selected for around 20% of the components with the maintenance policy selection 
scheme. The CBM policy can only be applied if the right condition data is available, which is not the 
case within Additive Industries yet. The reasons why not that much components qualify for CBM: 

1. Additive Industries experiences difficulties in structuring the remote data of the MetalFAB1 
for analysis of CBM. It is unclear which data can be attributed to degradation of which 
component. 

2. It is not possible (yet) to measure the condition of a component either directly or indirectly. 
3. The machine is not fully developed yet and components are still further developed by R&D. If 

a component has proved to degrade quickly in the field, the R&D department directly tries to 
improve the design of the component. 

6.3 Input values multi-item maintenance model 
The input values for the multi-item model are discussed in this section. The cost rate function of the 
system that is minimized to find the optimal preventive maintenance interval (𝜏) is defined in Section 
5.5. This function shows that the setup costs for an SD are already included in the cost rate function 
of the system. The cost functions for the single-item models, defined in Section 6.1, that include these 
setup costs are SD and CBM visits. The cost function of a CBM visit does not need to be adapted, 
because these costs are paid when a component is replaced correctively. We can monitor the 
condition of these components remotely. Therefore, the component will be replaced just before 
failure, which we see as an SD. We need to change the costs of preventive maintenance during an SD 
visit into: 

𝐶𝑆𝐷 = (𝐶𝑠𝑦𝑠
𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙 ) + 𝐶𝑐𝑝𝑛 

The average cost rate of the system 𝑍𝑠𝑦𝑠𝑡  is extended in Section 5.5 with a time restriction (𝑇𝑟𝑠𝑡 ) on a 

maintenance visit. The value of this time restriction is an input value for the model. Furthermore, the 
multi-item maintenance model makes use of an upper and lower bound for the preventive 
maintenance interval (𝜏). The lower bound is specified due to the fact that Additive Industries does 
not want to visit customers too often. The upper bound may come from service contracts that 
prescribe the minimal frequencies of SD visits. These two values are specified by the user of the model. 

6.4 Output values 
In this section we discuss the output values of the models that are explained in Chapter 5. All models, 
either single-item or multi-item, have different output values. An overview of the output values is 
shown in Figure 15. The single-item maintenance models calculate the expected cost per year for 
component 𝑖 under four different maintenance policies. For components maintained under a FBM 
policy, this is the only output value (output 1). For UBM and CBM policies, the single-item models 
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calculate the optimal preventive maintenance limit of components. The UBM model calculates the 
optimal age limit 𝐴 and the CBM models calculate the optimal control limit 𝐶 for both continuous and 
inspection CBM components. Furthermore, all single-item models calculate the probability that a 
maintenance cycle ends in an SD, USD or CM, the expected cycle length and the average availability 
of a component. The output values of the UBM, continuous CBM and inspection CBM model are 
denoted in Figure 15 as output 2, 3 and 4 respectively. 
 
The multi-item model calculates the expected cost per year of the complete system. For all 
components with a preventive maintenance policy, it optimizes the preventive maintenance limit by 
using the single-item models. The multi-item model uses output 1, 2, 3 and 4, calculated by the single-
item models, as input. In contrast to the single-item models, where the value of 𝜏 and 𝜆 are input 
values, 𝜏 and 𝜆 become output values in the multi-item model. The multi-item model provides the 
value of 𝜏 and 𝜆 as input for the single-item models. With the average availability of each component, 
the total availability of the complete system is calculated. Lastly, the probability that a maintenance 
visit exceeds the time restriction is also an output value.  

6.5 Data collection 
Now we have defined what kind of data is needed as input for the optimization models, we can define 
how this data needs to be collected. We discuss the collection of data to ensure that over time, more 
failure data will be available with which more accurate estimates can be made. For UBM components, 
failure data means the time that it takes for a new component to fail. Additive Industries should record 
the failure times of all components in the near future, because reliability of a data fit increases when 
the number of failure times increases.  
 
Data collection of CBM components is more complicated. Jardine et al. (2006) divide the CBM process 
into three steps: 1) data acquisition, 2) data processing and 3) maintenance decision support. In the 
data acquisition step, useful data from targeted physical assets for the purpose of CBM is collected 
and stored. The selection of which data are suitable for monitoring a component’s health depend on 
the failure modes and its underlying failure mechanisms. The next step is data processing, which goal 
is to handle and analyse the data collected in the previous step for better understanding and 
interpretation of the data and corresponding degradation process. The last step in the process is 
maintenance decision making, in which the collected data is used in the mathematical model for 
maintenance optimization. The MetalFAB1 generates a lot of data. The first step for Additive 
Industries is to structure this data and find out which data can be attributed to the degradation of a 
component. Next, the degradation process needs to be analysed and the right degradation model 

Figure 15: Overview output of the models 
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should be fitted before the data can be used in the multi-item model. The collection of data is an 
important recommendation for Additive Industries, which is further discussed in Chapter 8. 

6.6 Discussion and conclusion 
In the present chapter we investigated the third research question: “Which data are needed as input 
for the multi-item model and how can these data be collected?” We started with the definition of the 
input requirements. For single-item maintenance models, we distinguish two types: 1) general and 2) 
component lifetime input values. The first type, general input values, is further divided into 
parameters related to visit costs and parameters related to machine downs. Parameters related to 
visit costs are used in the cost and duration functions of the four types of maintenance visits that we 
distinguish in the model. The costs elements of the cost function consist of: 1) fixed, 2) downtime, 3) 
component related and 4) salary costs. Furthermore, the cost and duration functions contain time 
elements, which are the duration of actions related to maintenance actions. The single-item models 
require three input parameters related to machine downs. These are the arrival rate of USDs per year 
(𝜆), the time between two SDs (𝜏) and the probability of a customer allowing preventive maintenance 
during a USD (𝑃(𝑌)). The second type of input values are related to the lifetime of components. The 
component lifetime input values for each single-item model are different. For CM components, we 
only need the mean to time to failure. For UBM components, a failure distribution with corresponding 
parameters is required. Lastly, for CBM components, we need to decide what degradation model best 
fits the stochastic degradation behaviour of the component.  
 
For the multi-item model, the setup costs of an SD are already included in the expected cycle costs of 
the system. Therefore, the SD setup costs are left out of the cost function of an SD visit. Furthermore, 
the value of the time restriction and the upper and lower bound for the preventive maintenance 
interval (𝜏) need to be specified as input. 
 
The output values are different for single-item and multi-item models. They both calculate the 
expected cost per year and the optimal preventive maintenance limit of components under different 
maintenance policies. In contrast to the single-item models, where the value of 𝜏 and 𝜆 are input 
values, 𝜏 and 𝜆 become output values for the multi-item model. 
 
We conclude that the usefulness and reliability of the output highly depends on the quality of the 
input values. Currently, there is not enough failure data available within Additive Industries. Therefore, 
it is not possible to use machine data as input for the model yet. To make the use of machine data 
possible in the near future, Additive Industries should record the failure time of all components. For 
CBM components, the huge amount of data produced by the MetalFAB1 should be structured and 
analysed to discover which data can be attributed to the degradation of components. The collection 
of enough data to make good estimations of failure distributions will take probably several years. This 
does not mean that the output of the model is not useful and reliable until that time. Good estimates 
from experts are very important as long as there is not enough failure data available. Additive 
Industries should pay attention to carefully estimate the mean time to failure of components. We 
decided to use a Weibull distribution function in our analysis because it is most commonly applied in 
reliability engineering. The Weibull distribution is able to describe many different failure types, which 
makes it a good representation of the failure behaviour of components within Additive Industries. 
When we have a good estimation of the mean time to failure, one only has to estimate the parameters 
of the Weibull distribution that correspond to the mean time to failure. Good estimations ensure a 
useful and reliable model output until there is enough failure data.  
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7 Case study MetalFAB1 
In this chapter the fourth research question is answered. 

Research Question 4:  
“How can the developed multi-item maintenance model be used in practice for the 
MetalFAB1?” 

We show how the previously developed maintenance models to generate a maintenance plan can be 
used for the MetalFAB1. First, the single-item models are used in Section 7.1 to optimize the 
maintenance policy of single components. The influence of variables on the output is discussed in a 
sensitivity analysis in Section 7.2. Next, the multi-item model, which makes use of the single-item 
models, is used to optimize the maintenance policy of the system in Section 7.3. The sensitivity 
analysis of the multi-item model is shown in Appendix DD. The chapter ends with a conclusion in 
Section 7.4. 

7.1 Single-item maintenance optimization 
For the case study of single components, 18 components are included. These components are selected 
because experts feel confident that they can give a good estimation of the MTTF. Furthermore, the 
components are critical for machine performance and qualify for preventive maintenance. Together 
with experts of Additive Industries, we have used the maintenance policy selection scheme of Peeters 
(2016) to select the optimal maintenance policy for each component. In all single-item models, the 
initial arrival rate of USDs 𝜆 = 5, the probability of a customer allowing a USD 𝑃(𝑌) = 0.8 and the 
time between SDs 𝜏 = 0.5, as discussed in Section 6.1.2. The parameters 𝜆 and 𝜏  become output 
values in the multi-item model. The input values for the UBM, continuous CBM and inspection CBM 
models are discussed in Section 7.1.1 through 7.1.3 respectively. Lastly, the results of the single-item 
optimization are discussed in Section 7.1.4.  

7.1.1 Input values usage based maintenance components 
Currently, there is not enough failure data available of UBM components to fit a failure distribution. 
Therefore, experts have estimated the MTTF and lifetime characteristic of each component. In Section 
6.2, we decided to assume a Weibull distributed lifetime of UBM components. Based on the estimated 
failure characteristic, there are two options, the failure rate increases either abrupt or linear. When 
estimating the parameters 𝛼 and 𝛽 of the Weibull distribution, we keep the MTTF and the lifetime 
characteristic of the component in mind. The 𝛼 and 𝛽 are estimated in such a way that the expected 
value of the Weibull distribution is equal to the MTTF. For components with an abrupt increasing 
failure rate, we decide to choose a high value (≥ 10) of 𝛽. A higher value of 𝛽 indicates a smaller 
variation of the probability density function, which means that the probability that a component fails 
within a small interval is very high. This is a good representation of an abrupt failure rate. For opposite 
reasons, we use a low value (< 7) of 𝛽 for components with a linear increasing failure rate. In Table 2, 
the input values of UBM components are shown.  

Table 2: Input values UBM components 
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7.1.2 Input values condition based continuous components 
For continuous CBM components, we need two additional input parameters compared to UBM 
components, namely the start and failure value of the degradation path. In Section 6.2, we decided to 
assume a random coefficient model with a Weibull distributed slope for the degradation of CBM 
components. The parameters of the Weibull distribution correspond to the slope of the degradation 
instead of the lifetime in case of a UBM component. Currently, there is not much usable degradation 
data available within Additive Industries. Therefore, experts have estimated the MTTF, failure 
characteristic and start and failure value of each component. The same method as described in Section 
7.1.1 is used to estimate a 𝛽 that represents the lifetime characteristic. For components of which the 
start value is higher than the failure value, the value of 𝛽 is negative. The input values of CBM 
components of which the condition is continuously monitored are shown in Table 3.  

Table 3: Input values continuous CBM components 

 

For Component 12, there is data available about the condition of the component. The exact way of 
working of Component 12 is explained in Appendix N. The degradation path of Component 12 shows 
a trend over time, which qualifies it for using the random coefficient model. The degradation indicator 
is equal to 8 seconds when Component 12 is new in the MetalFAB1, which is the start value of the 
degradation path. The failure value of Component 12 is not exactly known, but experts estimate that 
it fails when the degradation indicator exceeds 16 seconds.  
 
The Distribution Fitting Tool in Matlab is used to fit a Weibull distribution to the slopes of two 
degradation paths. The tool makes use of the maximum likelihood method to fit a distribution. The 
fitted Weibull distribution has scale parameter 𝛼 = 4.99, with standard error 0.15, and shape 
parameter 𝛽 = 24.81, with standard error 14.62. In Appendix N, the complete fitting procedure and 
determination of the parameter values for Component 12 is shown. Using the random coefficient 
model with a Weibull distributed slope leads to: 

𝑋(𝑡) = θ𝑡 + 8 
with θ = 𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝛼 = 4.99;  𝛽 = 24.81) and 𝐹 = 16 

As discussed in Section 4.4, CBM components of which the condition inspection is executed by 
customers are treated as CBM continuous components. The input values are shown in Table 4.  

Table 4: Input values customer inspection CBM components 

 

7.1.3 Input values condition based inspection components 
For CBM components that require an inspection, no degradation data is available within Additive 
Industries. Experts have estimated the MTTF, lifetime characteristic, start value and failure value of 
each component. The input values for the components are shown in Table 5. We estimate the value 
of 𝛽 in such a way that it represents the lifetime characteristic of the component. 

Table 5: Input values inspection CBM components 
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7.1.4 Results 
In this section, the results of the single-item optimization are discussed. For each component, we show 
the optimal preventive maintenance limit and the savings when components that qualify for 
preventive maintenance are maintained under either a UBM or CBM policy. For UBM components, 
the optimal age limit 𝐴∗ and the relative savings of the UBM policy compared to the FBM policy are 
shown in Table 6. To show the additional savings when CBM components are maintained under a CBM 
policy, we calculate both the optimal age limit 𝐴∗ under a UBM policy and the optimal control limit 𝐶∗ 
under a CBM policy. Furthermore, for both the UBM and CBM policy, the relative savings compared 
to the FBM policy are calculated. The results for continuous and inspection CBM components are 
shown in Table 7 and Table 8 respectively. 

 
 
 
 
 
 
 
 
 
 
 

As can be seen in Table 6, the UBM policy compared to the FBM policy results in savings for all UBM 
components. However, the relative savings differ per component. We observe that the savings are 
relatively high for components with a low cost price (<€300). This is in line with our expectations 
because we include the cost price of a component in the optimization to prevent waste of useful life. 
For expensive components (>€300), the waste of lifetime when they are preventively replaced is 
higher compared to cheap components. Therefore, the savings for a component maintained under a 
UBM policy are relatively lower for expensive components than for cheaper components. For almost 
all components, the optimal age limit 𝐴 is a multiple of 𝜏 = 0.5. When 𝐴 is just before or at an SD, the 
next opportunity after 𝐴 is almost certain to be an SD. Therefore, the probability that a component is 
replaced preventively during an SD is high. This explains why almost all components have an optimal 
𝐴 equal to a multiple of 𝜏. Components for which this is not the case are Component 1, 8 and 10. These 
three components have a high cost price (>€300). When these components are always replaced at an 
SD, the waste of lifetime is probably high, which explains why these components have an optimal 𝐴 
that is not a multiple of 𝜏. The average availability of UBM components during a maintenance cycle is 
always higher than 99.0%, independent of 𝐴, which is very high. The availability of UBM components 
under different age limits is further discussed in Appendix T. 
 
For all CBM components, we see in Table 7 and Table 8 that the UBM policy compared to the FBM 
policy results in savings. The optimal age limit is for only two components equal to a multiple of 𝜏. This 
is line with the explanation above because the cost price of all CBM components is high. When the 
CBM components are maintained under a CBM policy, we observe some interesting things. First of all, 
for Component 12, 17 and 18, the savings under a CBM policy are lower than under a UBM policy. A 
possible explanation for Component 12 is that the optimization is based on machine data. We use only 
two degradation paths for the distribution fitting, which is probably to less for a reliable fit. 
Furthermore, the optimal age limit of Component 12 is equal to a multiple of 𝜏. In this case, the 
probability that it is replaced preventively during an SD is high, which results in a lower cost rate. For 
Component 17 and 18, a possible explanation is that they are maintained under an inspection CBM 
policy. A service engineer does not know the condition of these components before he performs an 
inspection. When a service engineer does not have the CBM component, which has passed its control 

Table 8: Results inspection CBM components 

Table 6: Results UBM components Table 7: Results continuous CBM components 
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limit 𝐶, with him, the component is replaced during the next maintenance moment. It is possible that 
no opportunity occurs to replace the component preventively, in which case the component is 
replaced correctively. When Component 17 and 18 are maintained under a UBM policy, we know in 
advance whether the component has passed its age limit or not. This reduces the probability that a 
component is replaced correctively compared with an inspection CBM policy. Therefore, the cost rate 
decreases and the savings increase. The second thing we observe from the results is that the additional 
savings under a CBM policy compared to a UBM policy are low for most components. This is because 
the values of the control limit are relatively high (>80%) for most components, which is logical due to 
the high cost price of components. The higher the value of 𝐶, the higher the probability that a 
component is replaced correctively instead of preventively, which results in a higher cost rate. 
Obviously, the savings that can be achieved with a CBM policy, in which the waste of residual lifetime 
is minimized, are lower than the savings with a UBM policy, in which the probability that a component 
is replaced preventively is high. The average availability of CBM components during a maintenance 
cycle is always higher than 99.5%, independent of the control limit, which is very high. The availabilities 
of continuous and inspection CBM components under different control limits are discussed in 
Appendix V and Appendix X respectively. 
 
When we apply the alternative maintenance strategy for CBM inspection components, discussed in 
Appendix G, the savings compared to the FBM policy are equal to 1.2% for Component 17 and 4.3% 
for Component 18, which are lower than the savings obtained by the CBM inspection model. This is 
what we expected because each time a service engineer discovers a component that has passed its 
control limit and does not have it with him, a maintenance visit that is especially arranged for this 
component is scheduled. This leads to higher maintenance costs due to high setup costs. Obviously, 
the savings that we get from reducing the probability that a component fails do not outperform the 
additional visit costs. We conclude that the alternative maintenance strategy for CBM inspection 
components leads to higher preventive maintenance costs of components than the initial strategy.  
 
To check the accuracies of the single-item models, we make use of simulation studies. The simulation 
procedure for UBM and continuous CBM components are initially proposed by Zhu (2016). The 
simulation procedure for inspection CBM components is new but is inspired by the continuous CBM 
simulation procedure of Zhu (2016). The simulation procedures for UBM, continuous CBM and 
inspection CBM components are discussed in Appendix I, Appendix K and Appendix L respectively. 
Verification and validation of the procedures is shown in Appendix I for the UBM simulation, in 
Appendix K for the continuous CBM simulation and in Appendix L for the inspection CBM simulation. 
With the 95% confidence intervals in mind, we conclude that the simulations procedures are 
implemented right and that the outputs are accurate. With the simulation procedures, we can 
calculate the gap between the heuristic solution of our single-item models and the optimal solutions. 
The gap between the heuristic solution and the optimal solution is equal to the absolute value 

|(�̂�𝑠𝑦𝑠 − 𝑍𝑠𝑦𝑠) �̂�𝑠𝑦𝑠⁄ |. This gap is only 0.03% for the UBM model, 0.3% for the continuous CBM model 

and 0.5% for the inspection CBM model. We conclude that the cost rates of the heuristic approaches 
are very close to the true cost rates. Therefore, our heuristic procedures are accurate.  

7.2 Sensitivity analysis single-item models 
To better understand the influence of variables on the output of the model, a sensitivity analysis is 
performed in this section. We select components that are relatively expensive. The sensitivity analysis 
of the UBM model is discussed in Section 7.2.1, followed by the analysis of the continuous CBM model 
in Section 7.2.2. Lastly, the analysis of the new inspection CBM model is described in Section 7.2.3. 
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7.2.1 UBM sensitivity analysis 
For the UBM sensitivity analysis, we use the input values of Component 4, which are shown Table 2. 
In Section 7.1, we have calculated the optimal age limit for this component, which is, under the specific 
input parameters, equal to 2.5 years. Furthermore, we use the values 𝜏 = 0.5 and 𝜆 = 5. For the 
analysis, we use two age limits: 1) the optimal (𝐴 = 2.5) and 2) lower than optimal (𝐴 = 2.3). In this 
way, we can investigate the difference in influence of variables when the age limit is optimal or lower 
than optimal. Furthermore, we want to observe the difference between an 𝐴 that lies directly on an 
SD and an 𝐴 that does not. In this section, only the influence of different input variables on the optimal 
age limit is discussed. The sensitivity of other variables can be found in Appendix U. These other 
variables are the arrival rate of USDs (𝜆), the time between two SDs (𝜏), the probability of a customer 
accepts a USD (𝑃(𝑌)) and the Weibull parameter 𝛽. Figure 16 shows the cost rate 𝑍𝑈𝐵𝑀  and the 
probabilities 𝑃𝑆𝐷 , 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝑀 for Component 4 under different age limits for the UBM model. On 
the left vertical axis, the cost rate 𝑍𝑈𝐵𝑀  is shown. On the right vertical axis, the value of the 
probabilities 𝑃𝑆𝐷 , 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝑀 is shown. 

The first thing we observe is that the curves of the probabilities are not smooth. The spikes in Figure 
16 appear at scheduled downs 𝑛𝜏, where 𝜏 = 0.5 and 𝑛 ∈ ℕ. The spikes occur because our model has 
a strict age limit for taking opportunities. Consider two scenarios: 1) when 𝐴 is just before or at 𝑛𝜏, 
the next opportunity after 𝐴 is almost certain to be an SD, because 𝑛𝜏 is just behind 𝐴. 2) However, if 
𝐴 is just after 𝑛𝜏, the next SD opportunity is at (𝑛 + 1)𝜏, instead of 𝑛𝜏. Therefore, 𝑃𝑆𝐷  is much larger 
in scenario 1 than in scenario 2 when 𝐴 is smaller than the expected lifetime of the component. At the 
same time, 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝑀 are much smaller in scenario 1 compared to scenario 2 when 𝐴 is small. For 
the larger values of 𝐴, much less USD and SD opportunities appear and the probability of failure 
becomes larger, which means that the renewal cycle ends with failures more often. Therefore, the 
spikes in Figure 16 become less sharp when 𝐴 increases. 
 
From the sensitivity of other variables in Appendix U, we conclude that both an increase in 𝜆 and 𝑃(𝑌) 
lead to an increase in the cost rate 𝑍𝑈𝐵𝑀  for an optimal value of 𝐴. Furthermore, the influence of 𝜏 on 
the cost rate 𝑍𝑈𝐵𝑀  decreases when 𝜆 increases. Lastly, an increase in 𝛽 decreases 𝑍𝑈𝐵𝑀 . 

7.2.2 Continuous CBM sensitivity analysis 
For the continuous CBM sensitivity analysis, we use the input values of Component 14, which are 
shown in Table 3. In Section 7.1, we have calculated the optimal control limit for the component, 
which is, under the specific input parameters, equal to 92% of the degradation path. Furthermore, we 
use the values 𝜏 = 0.5 and 𝜆 = 5. For the analysis, we use two control limits: 1) the optimal (𝐶 =
92%) and 2) lower than optimal (𝐶 = 85%). In this way, we can investigate the difference in 
influence of variables when the control limit is optimal or lower than optimal. In this section, only the 
influence of different input variables on the optimal control limit is discussed. The sensitivity of other 
variables can be found in Appendix W. These other variables are the arrival rate of USDs (𝜆), the time 
between two SDs (𝜏), the probability of a customer accepts a USD (𝑃(𝑌)) and the Weibull parameter 
𝛽. Figure 17 shows the cost rate 𝑍𝐶𝐵𝑀−𝑐𝑜𝑛  and the probabilities 𝑃𝑆𝐷 , 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝐵𝑀 for Component 

Figure 16: UBM sensitivity analysis: Zubm vs. age limit 
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14 under different control limits for the continuous CBM model. On the left vertical axis, the cost rate 
is shown. On the right vertical axis, the value of the probabilities 𝑃𝑆𝐷, 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝐵𝑀 is shown. 

 

 

 

 

 

 

 

 
 
As can be seen in Figure 17, the cost rate 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  decreases until the optimal control limit is reached. 

When the time that the component reaches its control limit lies just before 𝑛𝜏, the probability 𝑃𝑆𝐷  is 
high because the next opportunity after 𝐶 is probably an SD. In our case, the value of 𝜏 is equal to 0.5 
years and the MTTF of Component 14 is equal to 1 year. After 0.5 years the degradation of the 
component is around 50%. In this way, we can explain why the 𝑃𝑆𝐷  increases until the control limit is 
around 50%. When the time that the component reaches its control limit lies just after 𝑛𝜏, the 
probability 𝑃𝑆𝐷  is low because the next SD opportunity is at (𝑛 + 1)𝜏, instead of 𝑛𝜏. Therefore, 𝑃𝑆𝐷  
decreases after the control limit is around 50%. At the same time, 𝑃𝑈𝑆𝐷  is smaller before the control 
limit is around 50% and higher after 50%.  
 
From the sensitivity of other variables in Appendix W, we conclude that both an increase in 𝜆 and 
𝑃(𝑌) lead to an increase in the cost rate 𝑍𝐶𝐵𝑀−𝑐𝑜𝑛  for an optimal value of 𝐶. Furthermore, the 
influence of 𝜏 on 𝑍𝐶𝐵𝑀−𝑐𝑜𝑛  decreases when 𝜆 increases. Lastly, the value of 𝛽 has no significant 
influence on 𝑍𝐶𝐵𝑀−𝑐𝑜𝑛 . 

7.2.3 Inspection CBM sensitivity analysis 
For the inspection CBM sensitivity analysis, we use the input values of Component 17, shown in Table 
4. In Section 7.1, we have calculated the optimal control limit for the component, which is, under the 
specific input parameters, equal to 84.6% of the degradation path. Furthermore, we use the values 

𝜏 = 0.5, 𝜆 = 5 and the probabilities 𝑃𝑟𝑒𝑝/𝑃𝑡𝑟𝑠/𝑃𝑙𝑎𝑡 = 0.4/0.2/0.4. In this section, only the influence 
of different input variables on the optimal control limit is discussed. The sensitivity of other variables 
can be found in Appendix Y. These other variables are the arrival rate of USDs (𝜆), the time between 
two SDs (𝜏), the probability of a customer accepts a USD (𝑃(𝑌)) and the Weibull parameter 𝛽. Figure 
18 shows the cost rate 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 and the probabilities 𝑃𝑆𝐷, 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝑀 for Component 17 under 
different control limits for the inspection CBM model. On the left vertical axis, the cost rate 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 

is shown. On the right vertical axis, the value of the probabilities 𝑃𝑆𝐷, 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝑀 is shown. 

As can be seen in Figure 18, the cost rate 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 decreases until the optimal control limit is reached. 
When the control limit increases, the probability that a component is replaced preventively decreases. 

Figure 18: Inspection CBM sensitivity analysis: Zcbm_ins vs. control limit 
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Therefore, the probabilities 𝑃𝑆𝐷  and 𝑃𝑈𝑆𝐷  decrease when the control limit increases. Compared to 
the continuous CBM case, we do not observe the fluctuation in 𝑃𝑆𝐷  and 𝑃𝑈𝑆𝐷 . When a component 
reaches its control limit just before an SD, the component is not always replaced during the next SD 

in the new model because of the inclusion of the probability 𝑃𝑙𝑎𝑡. This reduces the influence of the 
control limit on the probability 𝑃𝑆𝐷, which explains why the curves of 𝑃𝑆𝐷  and 𝑃𝑈𝑆𝐷  do not fluctuate 
in the inspection CBM model.  
 
From the sensitivity of other variables in Appendix Y, we conclude that both an increase in 𝜆 and 𝑃(𝑌) 
lead to a decrease in the cost rate 𝑍𝐶𝐵𝑀−𝑖𝑛𝑠  for an optimal value of 𝐶. Furthermore, the value of 𝜏 has 
no significant influence on 𝑍𝐶𝐵𝑀−𝑖𝑛𝑠. Lastly, an increase in 𝛽 increases 𝑍𝐶𝐵𝑀−𝑖𝑛𝑠. 

7.3 Multi-item maintenance optimization 
In this section, the multi-item maintenance model is used to optimize the maintenance policy of the 
complete system. The input values are discussed in Section 7.3.1 and the results in Section 7.3.1. 

7.3.1 Input values 
Besides the 18 components that qualify for preventive maintenance, we use 8 components for which, 
according to the maintenance policy selection scheme of Peeters (2016), a FBM policy is optimal. 
These components are selected because experts feel confident that they can give a good estimation 
of the MTTF. The components are used as input for the multi-item maintenance model. The input 
values are shown in .  

 

 

 

 

 

 

 
The calculation time of the new inspection CBM model is relatively high compared to the calculation 
times of the UBM and the continuous CBM model. Furthermore, we concluded in Section 7.1.4 that 
both CBM inspection components have a higher cost rate under an inspection CBM policy than under 
a UBM policy. Therefore, we decide to perform the case study for the multi-item model without 
Component 17 and 18. To further decrease the calculation time, we include 7 UBM components 
instead of all 11. The UBM components are chosen randomly. Component 12 is also excluded from 
the case study of the multi-item model, because in Section 7.1.4 we concluded that a CBM policy 
results in a higher cost rate than the UBM policy, which is probably due to an unreliable distribution 
fit. For the value of the time restriction, we choose a value of 16 hours, which is equal to two working 
days. The influence of the value of the time restriction is later analysed in the sensitivity analysis.  

7.3.2 Results  
This section discusses the results of the multi-item optimization. For different values of 𝜏, we calculate 
the preventive maintenance cost rate and availability of the system, which are shown in Figure 19. 
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Table 9: Input values FBM components 
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As can be seen in Figure 19, the optimal maintenance interval for the system is equal to 6 months with 
a preventive maintenance cost of €20,876 per year. As discussed in Section 6.1.1, for the optimization 
we use a value of €20 for the losses per hour of an unscheduled down. This value needs to be 
subtracted from the final cost. When we do this for a maintenance interval of 6 months, the cost rate 
for preventive maintenance components is equal to €20,381. The total system cost, consisting of 
preventively and correctively maintained components, is equal to €51,243 and the system availability 
is equal to 99.0%. This results in potential savings of 20.4% when we maintain the 11 preventive 
components of the multi-item case study under a preventive maintenance policy instead of a 
corrective maintenance policy. The rate of USDs 𝜆 is equal to 8.9 per year in this case. The input values 
of FBM components in , show that these components are responsible for 7.0 USDs per year. This 
means that only 1.9 USDs per year are caused by failures of preventive maintenance components. In 
only 0.19% of all SD and USD visit, the time restriction is exceeded. The influence of the value of the 
time restriction is discussed in the sensitivity analysis of Appendix DD. The cost rate and availability 
shown in Figure 19 are intuitively sensible. On one hand, when 𝜏 is small, the frequency of SDs at 
system level is high. This leads to a high cost rate for SDs in 𝑍𝑠𝑦𝑠 and a high availability of the system 

because the probability that a component is replaced during an SD is high. On the other hand, when 
𝜏 is large, the opportunities of SDs become less. This results in higher probabilities of corrective 
replacement and preventive replacement at a USD, which have a higher cost and duration than 
replacement at an SD. Therefore, the expected cycle cost increases and the availability decreases. 
Under the optimal solution, the age limits for UBM components are shown in Table 10 and the control 
limits for CBM components are shown in Table 11. 

 

 
 
 
 
 
 
 
 

For all UBM components, we see that the optimal age limit is equal for both the multi-item and single-
item optimization. In the multi-item case, the value of 𝜆 is higher compared to the single-item case. 
This higher value of 𝜆 has obviously no influence on the optimal age limit of components. The potential 
cost savings by implementing a UBM policy with corresponding age limits instead of a FBM policy are 
shown in the last column of Table 10. The savings are higher for components with a low cost price. 
The reason for this is already explained in Section 7.1.4. For CBM components, we see a slight 
difference in the value of the control limit 𝐶. In the multi-item model, optimization of the value of 𝐶 
of CBM components takes place in steps of 5% to reduce the calculation time. This explains the 
difference in control limits. The potential cost savings of a CBM policy instead of a FBM policy are less 
for components with a high cost price again, which are shown in the last column of Table 11. This is 
due the same reason as explained in Section 7.1.4. 
 
To check the accuracy of the multi-item model heuristic solution, we make use of a simulation study 
with the values of 𝐴∗, 𝐶∗, 𝜆 and 𝜏 obtained via the heuristic procedure as input. The simulation 
procedure is discussed in Appendix CC and is originally proposed by Zhu (2016). With the simulation 
procedure, we can calculate the gap between the heuristic solution of our multi-item model and the 

optimal solution. The system output cost rate of the simulation is equal to �̂�𝑠𝑦𝑠 = €55,188 with a 95% 

confidence interval of €41. The gap between the heuristic solution 𝑍𝑠𝑦𝑠 = €55,279  and the optimal 

solution is equal to the absolute value |(�̂�𝑠𝑦𝑠 − 𝑍𝑠𝑦𝑠) �̂�𝑠𝑦𝑠⁄ |, which is only 0.16% in our case. We 

Table 10: Results multi-item UBM components Table 11: Results multi-item CBM components 



49 

conclude that the cost rate of the heuristic approach is very close to the true cost rate. Therefore, our 
heuristic procedure is accurate.  
 
The sensitivity analysis for the multi-item maintenance model is shown in Appendix DD. The variables 
of which we analyse the influence are the setup costs for an SD (𝑆𝑆𝐷 ), the time restriction (𝑇𝑟𝑠𝑡 ) and 
the expected lifetime of components. We conclude that the higher value the of 𝑆𝑆𝐷 , the more 
influence it has on the cost rate for different values of 𝜏. Furthermore, the value of 𝑇𝑟𝑠𝑡  has no 
significant influence on the optimal value of 𝜏. Lastly, the MTTF of components has a high influence 
on the optimal value of 𝜏 and the cost rate. This confirms the importance of good MTTF estimations. 

7.4 Discussion and conclusion 
In the present chapter we investigated the fourth research question: “How can the multi-item 
maintenance model be used in practice for MetalFFAB1?” We applied the maintenance optimization 
models to individual components of the MetalFAB1 and the system as a whole. We have used the 
maintenance policy selection scheme of Peeters (2016) to select the optimal maintenance policy for 
18 components. For individual components, application of the single-item maintenance models leads 
to potential cost savings for all 18 components. However, it is important to keep in mind that the 
failure distributions of all components, except one, are based on experts knowledge, because not 
enough failures have taken place to fit a distribution to the failure data. The potential savings are 
relatively higher for components with a low cost price (<€300) than for components with a high cost 
price (>€300). This is in line with our expectations because the cost of the waste of lifetime is high for 
components with a high cost price. Furthermore, for Component 12, 17 and 18, we conclude that the 
cost rate under a UBM policy is lower than the cost rate under a CBM policy. This means that Additive 
Industries should be careful when selecting a CBM policy for components. Subsequently, the 
alternative maintenance strategy for CBM inspection components results in higher preventive 
maintenance costs that the initial strategy. We recommend Additive Industries to test if the 
alternative strategy is still more expensive when more failure data is available. Finally, from the single-
item sensitivity analyses, we conclude that the value of the arrival rate of USDs (𝜆) has a high influence 
on the cost rates. The majority of the USDs is caused by failures of FBM components, which cannot be 
influenced by the multi-item model. However, a good MTTF estimation for these components. 
 
The usage of the maintenance optimization model on the MetalFAB1 as a whole leads to potential 
cost savings of 20.4% when we maintain the 11 preventive components of the multi-item case study 
under a preventive maintenance policy instead of a corrective maintenance policy. Furthermore, we 
observe that the optimal maintenance interval for scheduled downs is 6 months with a preventive 
maintenance cost of €20,381 and corresponding system availability of 99.0%. This leads to a total 
system cost of €51,243 per year, which includes both preventive and corrective maintenance 
expenses. A potential cost savings of 20.4% as well as a system availability of 99.0% are promising 
results for Additive Industries. The cost savings can be further increased by including all components 
with a preventive maintenance policy. In only 0.19% of all SD and USD visit, the time restriction is 
exceeded. This is extremely low, which means that the influence of the time restriction on the cost 
rate of the system is small. From the simulation studies, we conclude that the cost rate of the heuristic 
approach is very close to the true cost rate. Therefore, our heuristic procedure is accurate. The 
sensitivity analysis of the multi-item model shows that the output highly depends on the MTTF of 
components, which confirms the importance of a good estimation. A limitation of our case study is 
that we did not test how the CBM inspection model works in the multi-item model. For future 
research, we recommend to include the CBM inspection model in the multi-item model.  
 
For Additive Industries, all in all can be concluded that the implemented multi-item model fits the 
maintenance environment well and is of great value to optimize maintenance policies of components. 
The calculation time for the case study of one specific value 𝜏 is approximately 30 minutes, which is 
relative short. This makes the model useful in practice.  



50 

8 Conclusions, limitations and recommendations 
We discuss the most important findings of our research in this final chapter. In Section 8.1, we answer 
the research questions defined in Section 2.2 and provide the most important conclusions. In Section 
8.2, we discuss the limitations of our research and the possible future research directions that follow 
from these limitations. Finally, we elaborate on the recommendations for Additive Industries that 
follow from our research in Section 8.3. 

8.1 Conclusions 
This section presents conclusions from this research. The main research question is formulated as: 

“What is the best preventive maintenance plan for the MetalFAB1?” 

To answer the main research question, we have answered four research questions. Research Question 
1: “What changes of the proposed maintenance concept for the MetalFAB1 are needed to ensure that 
it still matches the maintenance environment?” In Chapter 3, we evaluate the proposed maintenance 
concept of Peeters (2016). We conclude that the maintenance objective for the MetalFAB1 is still the 
same. Furthermore, we conclude that the proposed maintenance concept is a good representation of 
the maintenance environment. Therefore, no changes of the proposed maintenance concept are 
needed. The maintenance concept proposes a multi-item policy specification for OEM maintenance.  
 
Research Question 2: “Which multi-item maintenance model is most suitable for the MetalFAB1?” In 
Chapter 4 we decide to focus on a tactical planning strategy because the current phase of the company 
demands a tactical approach. We divide the design of the multi-item maintenance model into a 
conceptual and detailed design. The conceptual design defines the broad outline of the model. The 
heuristic solution approach of Zhu (2016) is chosen as a basis for the multi-item maintenance 
optimization because it meets all must-haves. The model is extended with nice-to-haves that were 
missing. Based on the conceptual design, we develop a solution procedure in the detailed design. First, 
we develop a detailed design on the component level. For components with a UBM or continuous 
CBM policy, we use the single-item models of Zhu (2016). We develop a new single-item model for 
CBM components that require an inspection to determine their condition. To check the accuracy of 
this new model, a new simulation procedure is developed. All single-item models are extended by 
including the average availability of a component during a maintenance cycle. For the detailed design 
on the system level, we use the multi-item maintenance optimization heuristic of Zhu (2016), which is 
extended by adding a time restriction on a maintenance visit and by including the average availability 
of the complete system. This makes it possible to show the trade-off between preventive maintenance 
costs and availability of the system.  
 
Research Question 3: “Which data are needed as input for the multi-item model and how can these 
data be collected?” In Chapter 6, we start with the definition of the requirements for the input data. 
For single-item models, we distinguish two types: 1) general and 2) component lifetime input values. 
The first type is further divided into parameters related to visit costs and machine downs. Parameters 
related to visit costs are used in the cost and duration functions of the four types of maintenance visits 
that we distinguish in the models. The model requires three parameters related to machine downs: 1) 
the arrival rate of USDs (𝜆), 2) the time between two SDs (𝜏) and 3) the probability that a customer 
allows a USD. The second type are component lifetime input values. For UBM components, a failure 
distribution is required. For CBM components, we need to decide what degradation model best fits 
the stochastic degradation behaviour of the component. In the multi-item model, the time between 
two SDs becomes a decision variable. Therefore, we need to define the upper and lower bound of this 
value and the value of the time restriction on a maintenance visit. The output values are different for 
single-item and multi-item models. They both calculate the expected cost per year and the optimal 
preventive maintenance limit of components under different maintenance policies. In contrast to the 
single-item models, 𝜏 and 𝜆 become output values in the multi-item model. 
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Research Question 4: “How can the multi-item maintenance model be used in practice for the 
MetalFAB1?” The model of Research Question 2 in combination with the data that is defined and 
collected in Research Question 3 are used to show how a preventive maintenance is generated in a 
case study. We apply the maintenance optimization models to individual components of the 
MetalFAB1 and the system as a whole. Application of the single-item maintenance models leads to 
potential cost savings for all 18 components that qualify for preventive maintenance. The savings are 
relatively higher for components with a low cost price (<€300) than for components with a high cost 
price (>€300). Furthermore, for three of the seven components that qualify for CBM, we conclude that 
the savings are higher under a UBM policy than under a CBM policy. The usage of the maintenance 
optimization model on the MetalFAB1 as a whole leads to potential cost savings of 20.4% when we 
maintain the 11 preventive components of the multi-item case study under a preventive policy instead 
of a corrective policy. We conclude that the optimal maintenance interval for scheduled downs is six 
months with a preventive maintenance cost of €20,381 and corresponding system availability of 99.0% 
 
All taken together, we can answer the main research question stated above. As discussed in the 
research questions, the optimal maintenance interval depends on the input data. Based on the case 
study, the optimal maintenance interval is six months. Because the case study includes a high number 
of critical components, we conclude that the optimal maintenance interval for the whole system is 
most likely also six months. The maintenance plan makes use of opportunistic maintenance to 
minimize the number of maintenance visits. The multi-item maintenance model that is developed in 
this research project fits the maintenance environment of the MetalFAB1 well. It generates a 
preventive maintenance plan for a system, in a relatively short time, with a mixture of components 
under different maintenance policies. The multi-item model is already very useful in practice for 
Additive Industries. Furthermore, the model can be used by other companies to generate a preventive 
maintenance plan for their high-tech capital assets. 

8.2 Limitations and future research directions 
The mathematical models and solution methods in this thesis are subject to a number of limitations. 
These limitations are discussed in this section and are linked to future research directions. More future 
research directions that can improve the model are discussed in Appendix C. 
 
Component availability 
In our model, it is assumed that spare parts are always available when needed for maintenance. The 
stock of these components is not coupled to maintenance policies of components. An integrated 
model optimizes the stock of spare parts at different locations according to the maintenance policy of 
components. The paper of Van Horenbeek et al. (2013), which reviews maintenance models on the 
possibility to add both a component and labour availability constraint, can be used as starting point. 
Integration of both leads to a more realistic model because the assumption that components are 
always available is relaxed. It also leads to lower stock cost because the stocks are optimized.  
 
Service engineer availability 
In our model, it is assumed that service engineers have equal skills and are always directly available to 
perform maintenance actions. We recommend to analyse the workload of service engineers under a 
certain preventive maintenance plan to investigate how many service engineers are needed per 
machine and per customer. This extension will lead to better estimation of the availability and 
response times of service engineers. In this way, it is also possible to distinguish between skills of 
service engineers, which is not possible in the current model.  
 
Not included nice-to-haves 
We were not able to include all nice-to-haves, discussed in Section 4.4, in the model due to time 
restrictions. The first nice-to-have that is not included is adding flexibility ∆𝜏 to the fixed maintenance 
interval. When an unscheduled down takes place right before a scheduled down, many components 
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will be preventively replaced at that moment. In this case, the upcoming scheduled down is useless 
and we can save the set-up and downtime costs by skipping it. The flexibility ∆𝜏 can be a decision 
variable, which will obviously lead to a higher complexity for the analysis. Currently, this flexibility for 
an opportunistic multi-item environment is not discussed in literature. Therefore, we recommend 
further research on this direction. The second nice-to-have that is not included is dependencies 
between components. Our model considers only the economic dependence between components. It 
could be extended by including also structural and stochastic dependence between components. This 
will make the model a better representation of reality. For example, Van Horenbeek & Pintelon (2013) 
include all three types of dependencies in their dynamic predictive maintenance policy. 
 
Availability optimization 
We have developed a method to calculate the availability of the system for a given maintenance plan, 
but it would be better to set a minimum system availability for the optimization problem. In this way, 
the cost of different availability levels can be compared. A possible method to optimize according to 
an availability constraint in our developed model is by using a kind of greedy heuristic. When the 
system availability does not meet the constraint under the optimal solution, we need to select the 
component of which a slight increase or decrease in the optimal preventive maintenance limit results 
in the largest increase in system availability. This is repeated until the system availability meets the 
constraint. In this way, we will find a close to optimal solution that meets the availability constraint.   
 
Degradation models 
In our model, we use the random coefficient model with a linear degradation path to describe the 
degradation processes of all CBM components. A limitation of linear degradation is that when we 
know only two data points, the entire future degradation is known. There are other methods to model 
the degradation path, which fit probably better in some cases. We recommend to investigate these 
other methods that do not assume a linear degradation. The reader of Arts (2015) serves as a good 
starting point for this. The inclusion of more degradation methods will make the model more reliable.  

8.3 Recommendations for Additive Industries 
The practical recommendation for Additive Industries are listed in this section. First, we recommend 
Additive Industries to: 
 
Implement our proposed maintenance model to generate a preventive maintenance plan for the 
MetalFAB1  
Our developed multi-item maintenance model should be used to optimize the preventive 
maintenance plan for the MetalFAB1. The results and solution we provide can help the management 
and Customer Lifecycle Support team in defining the service contract, since it provides insight in the 
trade-off between preventive maintenance cost and availability of the machine.  
 
We remark that the usefulness and reliability of the output highly depends on the quality of the input. 
Therefore, it is important to: 
 
Record failure data accurately  
The mean time to failure (MTTF) of components have a high impact on the total preventive 
maintenance cost and the optimal maintenance interval. Due to a lack of available data, we use 
estimates from experts to determine the MTTF. We recommend Additive Industries to let service 
engineers report each failed component in a document when they are on-site to replace it. This 
ensures that over time, more failure data will be available with which more accurate estimates can be 
made. This is not only useful as input for our models, but also to other decision-making processes. For 
components with a high failure rate, the management can decide to improve the component by R&D.  
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Make better use of remote data for condition based maintenance purposes  
Additive Industries has access to a large amount of remote data from the MetalFAB1. Currently, the 
company is struggling to structure the data and make them useful for maintenance purposes. 
Therefore, we use estimates from experts to determine the degradation of components. We 
recommend Additive Industries to make one person responsible for starting a project to structure this 
data and determine which data can be attributed to the degradation of components. The project 
should use internal and external knowledge on the topic of data science and could be executed for 
example by an external employee, working student or graduate student. When we have more 
information about the degradation of components, the data can be used to choose the right 
degradation model. Subsequently, the data can be used in the multi-item model. We recommend to 
execute this action first for components of which the preventive maintenance costs have a high share 
in the system preventive maintenance cost before implementing it for the whole machine.  
 
We further recommend Additive Industries to: 
 
Analyse the influence of machine productivity  
In this research, we develop one preventive maintenance plan for the MetalFAB1. However, the 
productivity of the machines in the field differs. Some machines have a high average productivity 
(80%), while others have a low average productivity (20%). For machines with a low productivity, it is 
probably not necessary to visit them as many times as machines with a high productivity. Furthermore, 
components under a UBM policy are replaced when they reach their age limit. For machines with a 
low productivity, these components have less operating hours when they reach their age limit 
compared to machines with a high productivity. Therefore, replacement of these components in a low 
productivity machine is probably not needed yet. We recommend Additive Industries to investigate 
the influence of the machine productivity on the optimal maintenance interval. For all components, 
we need to find out if they only degrade when the system is used or also when it is standby. This 
probably leads to different preventive maintenance plans for different productivity levels of machines.  
 
Carefully consider what maintenance policy is optimal for components  
The case study of this research shows that for three of the seven components that qualify for condition 
based maintenance (CBM), a usage based maintenance (UBM) policy results in the lowest cost rate. 
When the policy selection scheme of Peeters (2016) indicates a CBM policy for a component, we 
recommend Additive Industries to consider also a UBM policy. Especially, when the condition of the 
component is not continuously monitored but discovered through inspection. Both inspection 
components of the case study show a lower cost rate under a UBM policy than under a CBM policy. 
 
Extend the analysis to components that are not critical to machine performance  
In our model, we assume that components are critical for machine performance. However, there are 
also less critical components for which preventive maintenance can result in cost savings. The multi-
item maintenance model developed in this report is probably not applicable to these components. 
Therefore, we recommend Additive Industries to investigate what kind of maintenance policy is 
needed for these components. Subsequently, a new model can be developed or the current model 
can be extended to optimize the maintenance plan of these components.  
 
Extend the analysis to components with multiple degradation states 
In our model, we assume that components have two condition states, either the component is 
operational or it is defect. We do not make a distinction between operational states. For the 
MetalFAB1, there are also components with multiple condition states. These components get in a less 
operational state before they fail. We recommend Additive Industries to investigate how these 
components can be included in the multi-item maintenance model. A suggestion to model the 
degradation of these components is to work with delay time models.  
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Appendices 

Appendix A Interview transcripts 
Due to the confidentially of this report, this appendix has been removed. 
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Appendix B Literature review 

This appendix translates the environment of Additive Industries to the available literature on the topic 
of multi-maintenance models with a tactical planning approach. To structure the literature, we start 
with the discussion of categorisation characteristics. Then, a closer look will be given into the 
maintenance environment of Additive Industries. Next, we give insight into the efforts made on this 
topic in academic literature and tries to find the best fitting model from literature for Additive 
Industries. Finally, we will give a detailed analysis of the literature that will be focused on in this master 
project. 
 

Categorisation characteristics 
Multi-item maintenance models can be categorised according to certain characteristics. The two most 
used review articles use both a different way. Cho & Parlar (1991) use five categories: 1) machine 
interference/repair models; 2) group/block/cannibalization/opportunistic models; 3) 
inventory/maintenance models; 4) other maintenance/replacement models; and 5) 
inspection/maintenance models. While, Nicolai & Dekker (2008) categorise based on 1) failure 
interaction; 2) planning horizon; and 3) optimization methods. The categorisation method of Nicolai 
& Dekker (2008) is further discussed because this method is more recent than the method of Cho & 
Parlar (1991).  
 
Nicolai & Dekker (2008) make the first distinction based on failure interaction, namely economic, 
stochastic, and structural dependence. Economic dependence implies that the cost of joint 
maintenance of a group of components does not equal the total cost of individual maintenance of 
these components. This can be either positive or negative dependence. It is positive when joint 
execution of maintenance activities can save costs due to economies of scale or downtime 
opportunity. It can also be negative when maintaining components simultaneously is more expensive 
than maintaining components individually because of manpower or safety restrictions for example. 
Stochastic dependence occurs if the condition of components influences the lifetime distribution of 
other components. This kind of dependence defines a relationship between components upon failure 
of a component. Finally, structural dependence applies if components structurally form a part, so that 
maintenance of a failed component means maintenance of working components as well, or at least 
dismantle them. To be clear, this is maintenance dependence, not failure dependence. For structural 
dependent components, the maintenance downtime and related costs can be decreased by 
performing maintenance simultaneously rather than individually, because all components have to be 
dismantled for maintenance anyway (van Horenbeek & Pintelon, 2013).  
 
The second distinction is based on planning horizon. Nicolai & Dekker (2008) distinguish three types 
of planning horizon, namely finite, infinite, and rolling. Most of the articles assume an infinite horizon. 
Infinite horizons are used in stationary models that assume a long-term stable situation. This kind of 
models provide static rules for maintenance, which do not change over the planning horizon. Finite 
horizons are used in dynamic grouping models, where short-term information such as a varying 
deterioration of components or unexpected opportunities can be considered. These models generate 
dynamic decisions that may change over the planning horizon. These models consider the system only 
in this horizon and assume implicitly that the system is not used afterwards, unless a so-called residual 
value is incorporated to estimate the industrial value of the system at the end of the horizon. A rolling 
horizon model uses a finite horizon repeatedly based on a long-term (infinite horizon) plan. It 
combines both finite and infinite horizons in order to bridge the gap between both. Decisions are 
made for an infinite horizon, when new information comes available, a new horizon is considered with 
a plan that is based on the long-term but adapted to the new information.  
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The last distinction that Nicolai & Dekker (2008) make is based on the optimization method, which is 
related to the planning horizon. Optimization methods applied to finite horizon models are either 
exact methods or heuristics. Exact optimization methods are designed to find the global optimum 
solution. Unfortunately, when the complexity of an optimization problem is high, the computing time 
of the exact method increases exponentially the size of the problem. When this is the case it is better 
to use heuristics to find a near-optimal solution in reasonable time. The quality of a heuristic solution 
depends on the problem instance. The assumption of an infinite horizon facilitates the mathematical 
analysis. It is often possible to derive analytical expressions for optimal control parameters and the 
corresponding optimal costs.  
 
The categorisation method provided by Nicolai & Dekker (2008) is a good starting point to structure 
the available literature. To improve the categorisation and make it more specific, additional 
characteristics are added to the categorisation method. The first characteristic is minimal repair. 
Several models consider the option to perform minimal repair on items. With minimal repair, a 
component is repaired to a state that is not as good as new, but statistically identical to the state just 
before the failure (Arts, 2015). The chosen multi-item maintenance model must be suitable for a large 
number of components within a reasonable computation time, so the second characteristic is the 
number of items for which the model is applicable. Opportunistic maintenance sees either or both 
scheduled and unscheduled downs as opportunities for preventive maintenance. To categorise 
articles according to this, the third and fourth added characteristic are opportunities at scheduled 
downs and opportunities at unscheduled downs. Multi-item maintenance models can deal with either 
one or multiple different types of maintenance policies, so the fifth added characteristic is the type of 
individual policies that the model can handle. The last added characteristic is the failure behaviour 
that the model assumes. A model that assumes certain failure behaviour is limited in use. Because of 
this reason, a model with no specific requirements for a failure distribution is preferred.  
 

Maintenance environment of Additive Industries 
Based on the characteristics as described in the previous section, the maintenance environment of 
Additive Industries is described in Table 12. 
 

Table 12: Maintenance environment of Additive Industries 

 

The table shows that many components are subjected to failure for the MetalFAB1. From the 
interviews that are included in Appendix A, we conclude that minimal repair for the MetalFAB1 is rare 
at this moment. So, we want a model that does not take minimal repair into account. From the work 
of Peeters (2016) we know that each individual component can be either maintained under a usage 
based (UBM), condition based (CBM) or corrective (CM) maintenance policy.  
 
We want to make use of both opportunities at scheduled downs and unscheduled downs. In case we 
decide not to include one of them, we can leave it out the model eventually. But we will include both 
opportunities initially.  
 
Preferably, we want a robust and general model that does not assume certain failure distributions. 
Currently, there is not enough data to fit a certain failure distribution to it and different components 
have probably different failure distributions. In terms of the planning horizon, an infinite seems to be 
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the option in any case because we want to know what the benefits of a multi-item maintenance model 
are on the long term. Furthermore, we have decided to focus on a tactical planning. 
 
For the MetalFAB1 of Additive Industries various failure interactions probably exist. We know that 
there is positive economic dependence because there are fixed set up costs for every maintenance 
visit. Furthermore, stochastic dependence is mentioned in one interview but we are not completely 
sure whether it is valid for the MetalFAB1. We want to take it into account in our model but it has not 
a high priority. Lastly, structural dependence exists because some parts structurally form a part and 
cannot be replaced individually. 
 
In terms of a solution method, the most important criterion is that the calculation time is reasonable. 
Simulation and exact calculation generally take more time than heuristic approaches, which makes a 
heuristic approach the preferred solution method.   
 
The modelling preferences of Additive Industries for a multi-item maintenance model are written 
down somewhat idealistically. In an ideal situation all preferences can be met by a mathematical 
model. However, restrictions on taking into account all preferences may be imposed by the availability 
of models in literature. In that case, only the modelling preferences which have the largest influence 
on the practical relevance of the model will be included.  

 
Literature study 
Based on the characteristics that are discussed in the previous sections, the most relevant articles 
for the environment of Additive Industries are selected and discussed in this section. An overview of 
these articles can be found in Table 13.   
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Table 13: Multi-item maintenance models 

 
 
 
 

Author Title Context 
 

Minimal 
repair 

Number of 
components 

Opportuni
ties at 

scheduled 
downs 

Opportuni
ties at 

unschedul
ed downs 

Individual 
policies 

Failure 
behaviour 

Failure 
interaction 

Planning 
horizon 

Optimizati
on method 

Zhao, Xu, 
Liang, 
Zhang, & 
Song 
(2018) 

A condition-
based 
opportunistic 
maintenance 
strategy for 
multi-
component 
system 

Condition-based opportunistic 
maintenance model determines 
the optimal CBM and OM 
thresholds. When a component 
reaches the CBM threshold, this 
component is replaced and the 
opportunity is used to replace 
other components that have 
passed the OM thresholds.  

Yes Example 
with 4 
components 

No Yes CBM Degenera- 
tion is 
described by 
Weibull 
proportional 
hazard 
models 

Positive 
economic 

Infinite Simulation 

Arts 
(2015) 

Maintenance 
Modeling and 
Optimization; 
chapter 6: 
Design of 
Maintenance 
Programs for 
Systems 

Multi-variable non-linear non-
convex integer programming 
problem. First, the individual 
maintenance policy for each 
component is determined. Next, 
the optimal scheduled down 
interval is determined based on 
the total cost of the system.  

Yes Example 
with 4 
components 

Yes 
 
 
 
 
 
 
 
 

No UBM and CBM, 
divides 
components 
with CBM policy 
into delay time 
model 
degradation or 
Markovian 
degradation.  

General, in 
example 
they use 
different 
failure 
behaviours 

Positive 
economic 

Infinite Exact 
 

Arts & 
Basten 
(2018) 
 
 

Design of 
multi-
component 
periodic 
maintenance 
programs with 
single-
component 
models 

Two single-item periodic 
maintenance models with 
minimal repair are proposed. 
These models are fit for use in 
the optimization of a 
maintenance program for a multi-
component asset. 

Yes Example 
with 6 
components 

No No UBM and CBM General, but 
assumes a 
delay time 
model with 
exponential 
time to 
defect for 
CBM 

Positive 
economic 

Infinite Exact 
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Laggoune, 
Chateaune
uf, & 
Aissani 
(2009) 

Opportunistic 
policy for 
optimal 
preventive 
maintenance 
of a multi-
component 
system in 
continuous 
operating 
units 

The proposed algorithm is a 
numerical procedure, where the 
life cycles are simulated and the 
optimal solution is numerically 
searched.  
 
 
 

No Example 
with 2 
components 

Yes Yes UBM General, in 
example 
they use 
Weibull 
model 

Positive 
economic 

Infinite 
 

Simulation 

Zhu (2015) An 
Opportunistic 
Maintenance 
Model for 
Multi-item 
Systems under 
a Mixture of 
Different 
Maintenance 
Policies. 

Main problem at system level is 
separated into sub-problems at 
part level. Individual control 
limits of CBM parts and age limits 
of ABM parts are optimized. 
Next, the maintenance interval 
for scheduled downs of entire 
system is optimized. 

No Example 
with 50 
components 

Yes Yes UBM and CBM General, in 
example 
they use a 
Weibull 
distribution. 

Positive 
economic 

Infinite Heuristic 
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The literature represented  

The literature represented in Table 13 provides some insights that are worth discussing. The first thing 
is that although all models claim that they are suitable for (complex) multi-item systems, the majority 
of them are only tested on a system with less than five components. Because of this, the question 
arises what happens with the practically and computation time of the models when the number of 
components increases. There are a few models that are tested on a system with a high number of 
components. The model of Zhu (2015) is tested on a system with more than 15 components within a 
reasonable computation time, which makes it promising for complex multi-item systems.  
 
The majority of articles make use of minimal repair. The models of Laggoune et al. (2009) and Zhu 
(2015) are the only two models that do not consider minimal repair.  
 
Unfortunately, most models can handle only one type of individual maintenance policy, either 
condition based maintenance or usage based maintenance. The models of Arts & Basten (2018), Zhu 
(2015), and Arts (2015) can deal with both maintenance policies. The latter one even makes a 
distinction between delay time model and Markovian degradation. Probably, a complex multi-item 
system contains both condition based components and usage based components. Because of this, the 
previously mentioned models are especially interesting for a complex system. 
 
Models that assume certain failure behaviour as input for their models are limited to that behaviour. 
A model that does not assume specific failure behaviour is preferred because it is applicable in more 
situations. Besides this, the chance that failures of all components in a complex machine behave in 
the same way is unlikely. The model of Zhao et al. (2018) requires specific degradation behaviour, 
which make it limited in use. The model of Arts & Basten (2018) is partly general because it assumes 
a delay time model with exponential time to defect but a generally distributed delay time for CBM. 
The rest of the models are generalized and assume no specific failure behaviour.  

Obvious from the literat 

Obvious from the literature in Table 13 is that all models assume a positive economic failure 
interaction. This is the only considered failure interaction for all models, so the stochastic and 
structural dependencies are missing. The article of Zhu (2015) concludes that the proposed 
maintenance policy can be further improved by investigating structural and stochastic dependencies. 
The combination of economic, stochastic, and structural dependencies is an open research direction 
in literature. The presence of dependencies in the situation of Additive Industries should be further 
investigated. Economic dependence, either negative or positive, is present in almost all situations 
described in literature. 
 
Almost all models make use of opportunistic maintenance, which does not mean the same in each 
model. There are models that use either unscheduled or scheduled downs as opportunities to perform 
preventive maintenance, like the model of Zhao et al. (2018) and Arts (2015). The two models that use 
both unscheduled and scheduled downs as opportunities for preventive maintenance are Zhu (2015) 
and Laggoune et al. (2009).  
 
The use of exact optimization methods is only desirable to a certain extent (Nicolai & Dekker, 2008). 
An exact optimization method is often not feasible when the number of components is high, because 
the computation time of the optimization method increases exponentially with the number of 
components. The model of Arts (2015) uses an exact optimization method but only considers four 
components in his example. This is the same for the model of Arts & Basten (2018) that considers six 
components in the example. The other models make use of heuristic or simulation methods. The 
advantage of a heuristic is that it needs considerably less calculation time compared to a simulation 
method.  
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The article of Zhu (2015) resembles the maintenance situation and modelling preferences of Additive 
Industries best. This model: 1) is able to include significantly more individual components than other 
models; 2) does not make use of minimal repair; 3) makes use of opportunities at scheduled and 
unscheduled downs; 4) does not assume specific failure distribution; and 5) provides a heuristic 
approach to find a solution. The inclusion of only positive economic dependence is a disadvantage of 
the model. However, this disadvantage does not outweigh the advantages of the model in the 
situation of Additive Industries.  
 
The inclusion of structural dependence and stochastic dependence asks for a closer look. Structural 
dependence is present in the MetalFAB1 as various sets of parts structurally form parts of the 
MetalFAB1 and cannot be replaced individually. This means that either another component must be 
replaced or dismantled. Stochastic dependence, on the other hand, is a topic of which is less known 
within Additive Industries. Before including structural and stochastic dependence in the model, we 
should first investigate how significant its presence is for the MetalFAB1.  
 
In conclusion, the model of Zhu (2015): ‘An Opportunistic Maintenance Model for Multi-Component 
Systems under a Mixture of Different Maintenance Policies’ is selected as basis for the case study at 
Additive Industries.  
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Appendix C Wish-to-haves of model 

Besides the must-haves and nice-to-haves, we can also define wish-to-haves, which are described in 
this appendix. Wish-to-haves are non-essential aspects that can be included in the model eventually. 
Most aspects are improvements on the model instead of additions and can be defined as follows: 

• The moment of customer inspections and measurements coupled to the moment of a 
maintenance visit. The optimal moment for a customer to perform a condition measurement 
can be calculated. It is not efficient if this moment lies just after a scheduled down. In this 
case, the measurement should take place just before the scheduled down. The moment of a 
condition measurement and scheduled down should be coupled to avoid that measurements 
are performed just after a scheduled down. 

• A time dependent control limit for condition based maintenance. As time goes closer to the 
next scheduled down, it becomes less attractive to replace a component with a condition 
based maintenance policy during an unscheduled down. In this case, a higher control limit 
would be better. The solution for this is a control limit that is time dependent. This means that 
the value of the control limit increases when time passes between two scheduled downs. 

• A time dependent age limit for usage based maintenance. As time goes closer to the next 
scheduled down, it becomes less attractive to replace a component with a usage based 
maintenance policy during an unscheduled down. In this case, a higher age limit would be 
better. The solution for this is an age limit that is time dependent. This means that the value 
of the age limit increases when time passes between two scheduled downs. 

• A time dependent chance that an unscheduled down is accepted by a customer. As time goes 
closer to the next unscheduled down, the chance that a customer accepts additional 
preventive maintenance tasks during that visit decreases. This can be included in the model 
by making the chance that an unscheduled down is accepted by customers time dependent. 
This means that the value of the chance decreases when time passes between two scheduled 
downs.  
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Appendix D Single-item usage based maintenance model 

This appendix shows the complete mathematical model for UBM components presented by Zhu 
(2016). The additional probability of a customer allowing a USD replacement 𝑃(𝑌), proposed by 
Teeuwsen (2016) and Van Elderen (2016) is included. The model is extended with the average 
availability of a component during a maintenance cycle. The variables that are used in the model are 
shown in Table 14. 

Table 14: Variables for UBM component 

Variable Definition 

𝐴 Age limit of UBM component 

𝐶𝑆𝐷  Cost of a scheduled maintenance visit in euro 

𝐶𝑈𝑆𝐷  Cost of an unscheduled maintenance visit in euro 

𝐶𝐶𝑀 Cost of a corrective maintenance visit in euro 

𝑃𝑆𝐷  Probability that a component is replaced at scheduled down visit 

𝑃𝑈𝑆𝐷  Probability that a component is replaced at unscheduled down visit 

𝑃𝐶𝑀 Probability that a component is replaced at corrective maintenance visit 

𝑇𝑆𝐷  Duration of a scheduled maintenance visit in years 

𝑇𝑈𝑆𝐷  Duration of an unscheduled maintenance visit in years 

𝑇𝐶𝑀  Duration of a corrective maintenance visit in years 

𝐸𝐶𝐶(𝐴) Expected cycle cost in euro 

𝐸𝐶𝐿(𝐴) Expected cycle length in years 

𝐸𝑀𝑇 Expected maintenance time per cycle in years 

𝑓(𝑢) Probability density function of the lifetime distribution of a UBM component 

𝑔(𝑠) Probability density function of the exponential distribution with parameter 𝜆 

𝑛𝜏 Scheduled down for a component in years 

𝑃(𝑌) Probability of customer allowing a USD replacement 

𝑞 Probability that an arbitrary cycle ends with a preventive replacement at an SD 

𝑢 Time of breakdown of a component in years  

𝑍𝑈𝐵𝑀  Cost per time unit for the usage based maintenance policy for UBM components in euro 
per year 

𝜆 Arrival rate of USDs per year for the total system 

𝜉 Deviation of a renewal point from SD in years 

𝜏 Time between two scheduled downs in years 

An optimization model of the opportunistic maintenance policy is proposed to minimize the long-run 
average cost rate by specifying the age limit 𝐴. The average cost rate 𝑍𝑈𝐵𝑀  of a component can be 
calculated by dividing the expected cycle costs by the expected cycle length. The optimal value of the 
age limit 𝐴 can be found by minimizing 𝑍𝑈𝐵𝑀 . The optimization problem is formulated as: 
 

𝑚𝑖𝑛
𝐴

          𝑍𝑈𝐵𝑀(𝐴) =  
𝐸𝐶𝐶(𝐴)

𝐸𝐶𝐿(𝐴)
 (13) 

                                                      𝑠. 𝑡.          0 < 𝐴 < ∞ 
 
Where 𝐸𝐶𝐶 (expected cycle cost) and 𝐸𝐶𝐿 (expected cycle length) imply the expected cost and length 
of a maintenance cycle, which are equal to: 
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𝐸𝐶𝐶(𝐴) = 𝑃𝑆𝐷 ∗ 𝐶𝑆𝐷 + 𝑃𝑈𝑆𝐷 ∗ 𝐶𝑈𝑆𝐷 + 𝑃𝐶𝑀 ∗ 𝐶𝐶𝑀 (14) 

  

𝐸𝐶𝐿(𝐴) = 𝐸𝐶𝐿̇ (𝐴|𝜉 = 0)𝑞 + ∫ 𝐸𝐶𝐿(𝐴|𝜉)
(1 − 𝑞)

𝜏
𝑑𝜉

𝜏

0

 (15) 

 
The expected maintenance time (EMT) per cycle is equal to:  
 

𝐸𝑀𝑇(𝐴) =  𝑃𝑆𝐷 ∗ 𝑇𝑆𝐷 + 𝑃𝑈𝑆𝐷 ∗ 𝑇𝑈𝑆𝐷 + 𝑃𝐶𝑀 ∗ 𝑇𝐶𝑀  (16) 
 
The average availability of a component during a maintenance cycle is equal to: 
 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝐴) =
𝐸𝐶𝐿(𝐴)

𝐸𝐶𝐿(𝐴) + 𝐸𝑀𝑇(𝐴)
 (17) 

 
The corresponding uptime and downtime during a maintenance cycle are: 
 

𝑈𝑝𝑡𝑖𝑚𝑒 (𝐴) = 𝐸𝐶𝐿(𝐴) (18) 
𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒 (𝐴) = 𝐸𝑀𝑇(𝐴) (19) 

 
It is cheaper to replace a component jointly at an opportunity, instead of taking a corrective 
maintenance action separately, because the setup cost and downtime cost of this component can be 
saved. However, when opportunities are taken too frequently, usage lifetime of this component is 
wasted and the maintenance cost rate increases. Hence, decisions on the timing of taking 
opportunities for joint maintenance actions have to be made, in order to minimize the cost rate of the 
system. An age limit (𝐴) on the age of the component 𝑡 is introduced as a decision variable, this gives 
us the following decision rule: 

• If an opportunity at SD or USD appears at time 𝑡 < 𝐴, do nothing at this opportunity. The 
component has not reached its age limit 𝐴 yet 

• If an opportunity at SD appears at time 𝑡 ≥ 𝐴, always take this opportunity. The component 
has reached its age limit 𝐴, so it can be preventively replaced during an SD 

• If an opportunity at USD appears at time 𝑡 ≥ 𝐴, take this opportunity if possible. The 
component has reached its age Limit 𝐴, so it can be preventively replaced if the customer 
accepts additional maintenance tasks during a USD 

 
The interval between two consecutive maintenance actions is defined as a maintenance cycle. The 
usage based model calculates a planned maintenance moment 𝑛𝜏 based on age limit 𝐴. The planned 
maintenance moment is the first SD that lies after the age limit. In classical maintenance models, usage 
based maintenance only takes place at these planned moments. However, this model also makes use 
of unplanned moments, which shortens the maintenance cycles. To take these shorter maintenance 
cycles into account, Zhu (2016) introduces the deviation of a renewal point from an SD with 𝜉. When 
a maintenance cycle ends with a USD or CM, then the next maintenance cycle starts 𝜉 time units 
before the next scheduled down 𝑛𝜏. The variable 𝑛 is the number of the first scheduled down after 

the age limit 𝐴 and can be calculated as follows: 𝑛 = ⌈
𝐴+𝜉

𝜏
⌉. The influence of the inclusion of variable 

𝜉 is shown in Figure 20. When it is assumed that 𝜉 = 0 for each maintenance cycle, it implies that the 
model assumes that each new maintenance cycle starts at the same distance from the next SD 𝑛𝜏. 
What one sees in practice is that maintenance cycles end earlier than SD 𝑛𝜏 in the case of CM and USD 
maintenance actions. 
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In Figure 20, the first maintenance cycle of a UBM component ends with preventive maintenance at a 
USD. This USD moment lies 𝜉 years before scheduled down 𝜏. When 𝜉 = 0, it is assumed that the next 
maintenance cycle for the component starts at 𝜏. In our model, the next maintenance cycle starts at 
𝜏 − 𝜉. Therefore, the distance to the next scheduled down 2𝜏 for the second maintenance cycle differs 
between both models.  
 
The value of 𝜉 when a part is maintained at a USD or when CM takes place is approximated by Zhu 
(2016). Two assumptions are made: 

1. Given that the arrivals of USDs are assumed to follow a Poisson process, 𝜉 can take any value 
in between 0 and 𝜏 with equal chances. The arrivals of USDs are assumed to follow a Poisson 
process at Additive Industries, as explained above, this assumption holds for the service 
environment of Additive Industries. 

2. Given that the arrivals of SDs are relatively small compared with the average value of the 
failure time 𝑢, 𝜉 can take any value in between 0 and 𝜏 with equal chances when a CM action 
is taken at the end of a maintenance cycle.  

 
Considering the assumptions above, the following distribution function is used by Zhu (2016) to 
describe the random variable 𝜉: 

𝐻(𝜉) = {

0                           𝑖𝑓 𝜉 < 0

𝑞 +
(1 − 𝑞)𝜉

𝜏
           𝑖𝑓 0 ≤ 𝜉 < 𝜏

1                         𝑖𝑓 𝜉 ≥ 𝜏

 (20) 

Where 𝐻(𝜉) is uniformly distributed on [0, 𝜏) with a positive probability mass 𝑞 at 𝜉 = 0. The 
probability 𝑞 is the probability that an arbitrary cycle ends with a preventive maintenance at an SD 
action. Zhu (2016) suggests to determine variable 𝑞 by iteratively calculating 𝑃𝑆𝐷, the algorithm is 
shown in Appendix H. However, there is no guarantee for convergence of this algorithm. Another way 

to determine variable 𝑞 is a simulation, which is shown in Appendix I. The output value of 𝑃2̂ from this 
simulation is taken as the value of 𝑞. This is the probability that a maintenance cycle ends at an SD 
according to the simulation. We will use a simulation to determine variable 𝑞, because of lack of 
guarantee for convergence of the algorithm. 
 
Solution approach 
Consider an arbitrary maintenance cycle that starts at time 0. The scheduled down moments for this 
component take place at moments 𝑛𝜏 − 𝜉. The lifetime of the component is denoted by 𝑢 and the 
age limit by 𝐴. Based on three types of maintenance visits (CM, SD and USD), in which a maintenance 
cycle can end, five scenarios can be distinguished, which are discussed hereafter: 

1. The lifetime of the component is shorter than the age limit (𝑢 < 𝐴) 

τ 2τ 
PM-SD

3τ 
PM-
USD

CM

Cycle 1

 ξ 

Cycle 2

 ξ 

Cycle 3

Cycle 1 Cycle 2 Cycle 3

 ξ = 0

 ξ ≠ 0
Figure 20: Difference between UBM model with and without ξ 
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2. The lifetime of the component is longer than the age limit (𝑢 > 𝐴) and longer than or equal 
to the first scheduled down moment after 𝐴 (𝑢 ≥ 𝑛𝜏 − 𝜉). In this case, we have two 
possibilities: 
3.1 No allowed USD occurs after the age limit. The component is replaced at the scheduled 

down visit 
3.2 A USD occurs after the age limit and before the scheduled down moment, and the 

customer allows extra preventive maintenance actions during this visit. The component is 
replaced during this USD 

4. The lifetime of the component is longer than the age limit (𝑢 > 𝐴) and shorter than the 
scheduled down moment (𝑢 < 𝑛𝜏 − 𝜉). In this case, we have two possibilities: 
4.1 A USD occurs after the age limit but before the part fails, and the customer allows extra 

preventive maintenance actions during this visit. The component is replaced during this 
USD 

4.2 No allowed USD occurs after the age limit and before the part fails. The component will 
fail and is replaced during a CM visit 

 
The variable 𝑛 is the number of the first scheduled down after the age limit 𝐴 and can be calculated 

as follows: 𝑛 = ⌈
𝐴+𝜉

𝜏
⌉. Now, we will discuss the mathematical models for each scenario. 

 
Scenario 1: The lifetime of the component is shorter than the age limit (𝑢 < 𝐴). No opportunity is 
taken for preventive maintenance, the component will fail and a corrective maintenance CM action is 
taken.  

 
Figure 21: UBM scenario 1 

The corresponding probability is: 
 

𝑃1 = 𝑃𝑟{𝑢 < 𝐴} = ∫ 𝑓(𝑢)𝑑𝑢
𝑢=𝐴

𝑢=0

 (21) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿1
̇ = ∫ 𝑢𝑓(𝑢)𝑑𝑢

𝑢=𝐴

𝑢=0

 (22) 

  
Scenario 2: The lifetime of the component is longer than the age limit (𝑢 > 𝐴) and longer than or 
equal to the first scheduled down moment after 𝐴 (𝑢 ≥ 𝑛𝜏 − 𝜉). In this case, we have two possibilities: 
 
Possibility 2.1: No allowed USD occurs after the age limit 𝐴. The component is replaced at the first 
scheduled down visit after 𝐴: 𝑛𝜏 − 𝜉.  
 

A
SD

Failure

Unscheduled down

SD

Scheduled down

Maintenance 
moment
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Figure 22: UBM scenario 2.1 

The corresponding probability is: 
 

𝑃2.1 = 𝑒−𝑃(𝑌)𝜆(𝑛𝜏−𝜉−𝐴) ∫ 𝑓(𝑢)𝑑𝑢
𝑢=∞

𝑢=𝑛𝜏−𝜉

 (23) 

 
 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿̇ 2.1 = (𝑛𝜏 − 𝜉)𝑒−𝑃(𝑌)𝜆(𝑛𝜏−𝜉−𝐴) ∫ 𝑓(𝑢)𝑑𝑢
𝑢=∞

𝑢=𝑛𝜏−𝜉

 (24) 

 
Possibility 2.2: A USD occurs after the age limit 𝐴 and before the first scheduled down moment after 
𝐴, 𝑛𝜏 − 𝜉, and the customer allows extra preventive maintenance actions during this visit. The 
component is replaced during this USD.  
 

 
Figure 23: UBM scenario 2.2 

The corresponding probability is: 
 

𝑃2.2 = (1 − 𝑒−𝑃(𝑌)𝜆(𝑛𝜏−𝜉−𝐴)) ∫ 𝑓(𝑢)𝑑𝑢
𝑢=∞

𝑢=𝑛𝜏−𝜉

 (25) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿̇ 2.2 = ∫ (𝐴 + 𝑠)𝑔(𝑠)𝑑𝑠 ∫ 𝑓(𝑢)𝑑𝑢
𝑢=∞

𝑢=𝑛𝜏−𝜉

𝑠=𝑛𝜏−𝜉−𝐴

𝑠=0

 

with 𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(26) 

 
Scenario 3: The lifetime of the component is longer than the age limit (𝑢 > 𝐴) and shorter than the 
first scheduled down moment after 𝐴 (𝑢 < 𝑛𝜏 − 𝜉). In this case, we have two possibilities: 
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Possibility 3.1: A USD occurs after the age limit 𝐴 but before the part fails 𝑢, and the customer allows 
extra preventive maintenance actions during this visit. The component is replaced during this USD.  
 

 
Figure 24: UBM scenario 3.1 

The corresponding probability is: 
 

𝑃3.1 = ∫ (1 − 𝑒−𝑃(𝑌)𝜆(𝑢−𝐴))𝑓(𝑢)𝑑𝑢
𝑢=𝑛𝜏−𝜉

𝑢=𝐴

 (27) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿̇ 3.1 = ∫ ∫ (𝐴 + 𝑠)𝑔(𝑠)𝑑𝑠𝑓(𝑢)𝑑𝑢
𝑠=𝑢−𝐴

𝑠=0

𝑢=𝑛𝜏−𝜉

𝑢=𝐴

 (28) 

with 𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠  

 
Possibility 3.2: No allowed USD occurs after the age limit and before the part fails. The component 
will fail and is replaced during a CM visit.  
 

 
Figure 25: UBM scenario 3.2 

The corresponding probability is: 
 

𝑃3.2 = ∫ 𝑒−𝑃(𝑌)𝜆(𝑢−𝐴)𝑓(𝑢)𝑑𝑢
𝑢=𝑛𝜏−𝜉

𝑢=𝐴

 (29) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿̇ 3.2 = ∫ 𝑒−𝑃(𝑌)𝜆(𝑢−𝐴)𝑢𝑓(𝑢)𝑑𝑢
𝑢=𝑛𝜏−𝜉

𝑢=𝐴

 (30) 
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Now, we can calculate the probabilities that a maintenance cycle ends in a scheduled, unscheduled or 
corrective maintenance visit. The sum of these probabilities is equal to one. 
 

�̇�𝑆𝐷(𝜉) = 𝑃2.1 (31) 

�̇�𝑈𝑆𝐷(𝜉) = 𝑃2.2 + 𝑃3.1 (32) 

�̇�𝑈𝑆𝐷(𝜉) = 𝑃1 + 𝑃3.2 (33) 
  

The expected cycle length is the sum of the contributions in all possibilities. 
 

𝐸𝐶𝐿̇ (𝐴|𝜉) = 𝐸𝐶𝐿̇ 1 + 𝐸𝐶𝐿̇ 2.1 + 𝐸𝐶𝐿̇ 2.2 + 𝐸𝐶𝐿̇ 3.1 + 𝐸𝐶𝐿̇ 3.2 (34) 
 
 
As mentioned in the beginning of this appendix, to evaluate the average cost rate over an infinite 
horizon, we need to propose an approximate evaluation method to characterize the difference 
between the ending points of maintenance cycles and SDs, i.e. 𝜉. The following distribution function 
is used to describe the random variable 𝜉: 
 

𝐻(𝜉) = {

0                           𝑖𝑓 𝜉 < 0

𝑞 +
(1 − 𝑞)𝜉

𝜏
           𝑖𝑓 0 ≤ 𝜉 < 𝜏

1                         𝑖𝑓 𝜉 ≥ 𝜏

 (35) 

 
 
Suppose we could approximate the value of 𝑞, this leads to the following probabilities for each type 
of maintenance visit: 
 

𝑃𝑆𝐷 = �̇�𝑆𝐷(0) + ∫ �̇�𝑆𝐷(𝜉)
(1 − 𝑞)

𝜏
𝑑𝜉

𝜏

0

 (36) 

𝑃𝑈𝑆𝐷 = �̇�𝑈𝑆𝐷(0) + ∫ �̇�𝑈𝑆𝐷(𝜉)
(1 − 𝑞)

𝜏
𝑑𝜉

𝜏

0

 (37) 

𝑃𝐶𝑀 = �̇�𝐶𝑀(0) + ∫ �̇�𝐶𝑀(𝜉)
(1 − 𝑞)

𝜏
𝑑𝜉

𝜏

0

 (38) 
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Appendix E Single-item condition based maintenance 
model for continuously monitored 
components 

This appendix shows the complete mathematical model for CBM components presented by Zhu 
(2016). The additional probability of a customer allowing a USD replacement 𝑃(𝑌), proposed by 
Teeuwsen (2016) is included. The model is extended with the average availability of a component 
during a maintenance cycle. The variables that are used in the model are shown in Table 15. 

Table 15: Variables for CBM continuous component 

Variable Definition 

𝐶 Control limit of CBM component 

𝐶𝑆𝐷  Cost of a scheduled maintenance visit in euro 

𝐶𝑈𝑆𝐷  Cost of an unscheduled maintenance visit in euro 

𝐶𝐶𝐵𝑀  Cost of a condition based maintenance visit 

𝑇𝑆𝐷  Duration of a scheduled maintenance visit in years 

𝑇𝑈𝑆𝐷  Duration of an unscheduled maintenance visit in years 

𝑇𝐶𝐵𝑀  Duration of a condition based maintenance visit in years 

𝑃𝑆𝐷  Probability that a component is replaced at scheduled down visit 

𝑃𝑈𝑆𝐷  Probability that a component is replaced at unscheduled down visit 

𝑃𝐶𝐵𝑀 Probability that a component is replaced at condition based maintenance visit 

𝐸𝐶𝐶(𝐶) Expected cycle cost in euro 

𝐸𝐶𝐿(𝐶) Expected cycle length in years 

𝐸𝑀𝑇 Expected maintenance time per cycle in years 

𝐹 Failure limit of CBM component 

𝑇𝐶  Time the component reaches its control limit C in years 

𝑇𝐹  Time the component reaches its failure limit F in years 

𝑢 Time of TC in years 

𝑣 Time of TF in years  

𝑓𝑇𝐶
(𝑢) Probability density function of the passage time TC  

𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢) Conditional probability density function of the passage time TF 

𝑔(𝑠) Probability density function of the exponential distribution with parameter 𝜆 

𝑛𝜏 Scheduled down for a component in years 

𝑃(𝑌) Probability of customer allowing a USD replacement 

𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  Cost per time unit for the condition based maintenance policy for continuous CBM 
components in euro per year 

𝜆 Arrival rate of USDs per year for the total system 

𝜉 Deviation of a renewal point from SD in years 

𝜏 Time between two scheduled downs in years 

An optimization model of the opportunistic maintenance policy is proposed to minimize the long-run 
average cost rate by specifying the control limit 𝐶. The average cost rate 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  of a component 
can be calculated by dividing the expected cycle costs by the expected cycle length. The optimal value 
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of the control limit 𝐶 can be found by minimizing 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛 . The optimization problem is formulated 
as: 
 

𝑚𝑖𝑛
𝐶

          𝑍𝐶𝐵𝑀_𝑐𝑜𝑛(𝐶) =  
𝐸𝐶𝐶(𝐶)

𝐸𝐶𝐿(𝐶)
 (39) 

                                                      𝑠. 𝑡.          0 < 𝐶 < 𝐹 
 
Where 𝐸𝐶𝐶 (expected cycle cost) and 𝐸𝐶𝐿 (expected cycle length) imply the expected cost and length 
of a maintenance cycle, which are equal to: 
 

𝐸𝐶𝐿(𝐶) = ∑ 𝐸𝐶𝐿1.1 + 𝐸𝐶𝐿1.2 + 𝐸𝐶𝐿2.1 + 𝐸𝐶𝐿2.2

∞

𝑛=1

 (40) 

 
𝐸𝐶𝐶(𝐶) = 𝑃𝑆𝐷 ∗ 𝐶𝑆𝐷 + 𝑃𝑈𝑆𝐷 ∗ 𝐶𝑈𝑆𝐷 + 𝑃𝐶𝐵𝑀 ∗ 𝐶𝐶𝐵𝑀  (41) 

 
The expected maintenance time (EMT) per cycle is equal to:  
 

𝐸𝑀𝑇(𝐶) =  𝑃𝑆𝐷 ∗ 𝑇𝑆𝐷 + 𝑃𝑈𝑆𝐷 ∗ 𝑇𝑈𝑆𝐷 + 𝑃𝐶𝐵𝑀 ∗ 𝑇𝐶𝐵𝑀  (42) 
 
The average availability of a component during a maintenance cycle is equal to: 
 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝐶) =
𝐸𝐶𝐿(𝐶)

𝐸𝐶𝐿(𝐶) + 𝐸𝑀𝑇(𝐶)
 (43) 

 
The corresponding uptime and downtime during a maintenance cycle are: 
 

𝑈𝑝𝑡𝑖𝑚𝑒 (𝐶) = 𝐸𝐶𝐿(𝐶) (44) 
𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒 (𝐶) = 𝐸𝑀𝑇(𝐶) (45) 

 
It is cheaper to replace a component jointly at an opportunity, instead of taking a corrective 
maintenance action separately, because the setup and downtime costs of this component can be 
saved. However, when opportunities are taken too frequently, usage lifetime of this component is 
wasted and the maintenance cost rate increases. Hence, decisions on the timing of taking 
opportunities for joint maintenance actions have to be made, in order to minimize the cost rate of the 
system. A control limit (𝐶) on the age of the component 𝑡 is introduced as a decision variable, this 
gives us the following decision rule: 

• If an opportunity at SD or USD appears at time 𝑡 < 𝐶, do nothing at this opportunity. The 
component has not reached its control limit 𝐶 yet 

• If an opportunity at SD appears at time 𝑡 ≥ 𝐶, always take this opportunity. The component 
has reached its control limit 𝐶, so it can be preventively replaced during an SD 

• If an opportunity at USD appears at time 𝑡 ≥ 𝐶, take this opportunity if possible. The 
component has reached its control Limit 𝐶, so it can be preventively replaced if the customer 
accepts additional maintenance tasks during a USD 

 
In contrast to the UBM model, this model does not make use of the deviation of a renewal point from 
an SD with 𝜉. Zhu (2016) shows that the results of the model where  𝜉 = 0 results in an average cost 
rate that is very close to the true minimum cost rate. Therefore, the model is accurate.  
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Model description 
Consider an arbitrary maintenance cycle that starts at time 0. The scheduled down moments for this 
component take place at moments 𝑛𝜏. Let 𝑋(𝑡) denotes the degradation of the CBM component at 
time 𝑡 ∈ [0, ∞) in one maintenance cycle. The degradation process is described by a random 
coefficient model. We assume the degradation is monotonic, this means that 𝑋(𝑡) will first cross the 
control limit 𝐶 before reaching 𝐹 (i.e., 𝑇𝑐 < 𝑇𝐹 ). We consider 𝑇𝑐  occurs in a certain interval between 
two periodic SDs (𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏, 𝑛 ∈ ℕ, namely when 𝑋(𝑡) reaches 𝐶 at the time point 𝑢 ∈
[(𝑛 − 1)𝜏, 𝑛𝜏). The probability distribution function (PDF) of 𝑇𝐶  is 𝑓𝑇𝐶

(𝑢). The passage time of 𝑇𝐹  

depends on the 𝑇𝐶 . Given that 𝑇𝐶 = 𝑢, the conditional pdf of 𝑇𝐹  is 𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢), where 𝑐 ∈ [𝑢, ∞). 

Based on three types of maintenance visits (CM, SD and USD), in which a maintenance cycle can end, 
four scenarios can be distinguished: 

1. The component reaches its control limit somewhere after the previous SD and before the next 
SD ((𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏). The component will fail before the next scheduled down (𝑇𝐹 < 𝑛𝜏). 
After reaching the control limit 𝐶 there are two possibilities: 
1.1 A USD occurs after the control limit and before the component fails, and the customer 

allows extra preventive maintenance actions during this visit. The component is replaced 
during this USD 

1.2 No allowed USD occurs after the control limit. The component is replaced during a 
condition based maintenance visit  

2. The component reaches its control limit somewhere after the previous SD and before the next 
SD ((𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏). The component will fail after the next scheduled down (𝑇𝐹 ≥ 𝑛𝜏). 
After reaching the control limit 𝐶 there are two possibilities: 
2.1 A USD occurs after the control limit and before the next scheduled down, and the 

customer allows extra preventive maintenance actions during this visit. The component is 
replaced during this USD 

2.2 No allowed USD occurs after the control limit. The component is replaced at the scheduled 
down visit 

 
Now, we will discuss the mathematical models for each scenario. 
 
Scenario 1: The component reaches its control limit somewhere after the previous SD and before 
the next SD ((𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏). The component will fail before the next scheduled down (𝑇𝐹 <
𝑛𝜏). After reaching the control limit 𝐶, we have two possibilities: 
 
Possibility 1.1: A USD occurs after the control limit and before the component fails, and the customer 
allows extra preventive maintenance actions during this visit. The component is replaced during this 
USD. 
 

 
Figure 26: CBM continuous scenario 1.1 
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The corresponding probability is: 
 

𝑃1.1 = ∫ ∫ (1 − 𝑒−𝑃(𝑌)𝜆(𝑣−𝑢))𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (46) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿1.1 = ∫ ∫ ∫ (𝑢 + 𝑠)𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑠=𝑣−𝑢

𝑠=0

𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (47) 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 
 
Possibility 1.2: No allowed USD occurs after the control limit. The component is replaced during a 
condition based maintenance visit. 
 

 
Figure 27: CBM continuous scenario 1.2 

The corresponding probability is: 
 

𝑃1.2 = ∫ ∫ 𝑒−𝑃(𝑌)𝜆(𝑣−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑛=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (48) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿1.2 = ∫ ∫ 𝑒−𝑃(𝑌)𝜆(𝑣−𝑢)𝑣𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (49) 

 
Scenario 2: The component reaches its control limit somewhere after the previous SD and before the 
next SD ((𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏). The component will fail after the next scheduled down (𝑇𝐹 ≥ 𝑛𝜏). After 
reaching the control limit 𝐶, we have two possibilities: 
 
Possibility 2.1: A USD occurs after the control limit and before the next scheduled down, and the 
customer allows extra preventive maintenance actions during this visit. The component is replaced 
during this USD. 
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Figure 28: CBM continuous scenario 2.1 

The corresponding probability is: 
 

𝑃2.1 = ∫ (1 − 𝑒−𝑃(𝑌)𝜆(𝑛𝜏−𝑢))
𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

∫ 𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

 (50) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿2.1 = ∫ ∫ ∫ (𝑢 + 𝑠)𝑔(𝑠)𝑑𝑠
𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(51) 

 
Possibility 2.2: No allowed USD occurs after the control limit. The component is replaced at the 
scheduled down visit 𝑛𝜏. 
 

 
Figure 29: CBM continuous scenario 2.2 

The corresponding probability is: 
 

∫ 𝑒−𝑃(𝑌)𝜆(𝑛𝜏−𝑢) ∫ 𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑛=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (52) 

 
With contribution to the expected cycle length: 
 

𝐸𝐶𝐿2.2 = 𝑛𝜏 ∫ 𝑒−𝑃(𝑌)𝜆(𝑛𝜏−𝑢) ∫ 𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (53) 

 
 
Now, we can calculate the probabilities that a maintenance cycle ends in a scheduled, unscheduled or 
corrective maintenance visit. The sum of these probabilities is equal to one. 
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𝑃𝑆𝐷 = ∑ 𝑃2.2

∞

𝑛=1

 (54) 

𝑃𝑈𝑆𝐷 = ∑ 𝑃1.1

∞

𝑛=1

+ ∑ 𝑃2.1

∞

𝑛=1

 (55) 

𝑃𝐶𝐵𝑀 = ∑ 𝑃1.2

∞

𝑛=1

 (56) 
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Appendix F Single-item condition based maintenance 
model for inspection components 

This appendix shows the complete mathematical model for CBM components that require an 
inspection to determine their condition. This new model is inspired by the condition based 
maintenance model of Zhu (2016) that assumes continuous monitoring of components. The additional 
probability of a customer allowing a USD replacement 𝑃(𝑌), proposed by Teeuwsen (2016) and Van 
Elderen (2016) is included. The variables that are used in the model are shown in Table 16. 

Table 16: variables CBM inspection component 

Variable Definition 

𝐶 Control limit of CBM component 

𝐶𝑆𝐷  Cost of a scheduled maintenance visit in euro 

𝐶𝑈𝑆𝐷  Cost of an unscheduled maintenance visit in euro 

𝐶𝐶𝑀 Cost of a corrective maintenance visit in euro 

𝐶𝑖𝑛𝑠 Cost of a condition inspection in euro 

𝐶𝑡𝑟𝑠 Cost of transportation of a component to customer 

𝐸𝐶𝐶 Expected cycle cost in euro 

𝐸𝐶𝐿 Expected cycle length in years 

𝐸𝑀𝑇 Expected maintenance time per cycle in years 

𝐹 Failure limit of CBM component 

𝑁𝑟𝑆𝐷  Expected number of scheduled down visits before the control limit 

𝑁𝑟𝑈𝑆𝐷  Expected number of unscheduled down visit before the control limit  

𝑃1
𝑆𝐷  Probability that a component is replaced during first SD visit after the control limit 

𝑃2
𝑆𝐷  Probability that a component is replaced during second SD visit after the control limit 

𝑃1
𝑈𝑆𝐷  Probability that a component is replaced during first USD visit after the control limit 

𝑃2
𝑈𝑆𝐷  Probability that a component is replaced during second USD visit after the control limit 

𝑃1
𝐶𝑀 Probability that a component is replaced during first CM visit after the control limit 

𝑃2
𝐶𝑀 Probability that a component is replaced during second CM visit after the control limit 

𝑃𝑡𝑟𝑠 Probability that component is delivered to the customer via transport 

𝑃𝑙𝑎𝑡 Probability that a service engineer comes back later to replace component 

𝑃𝑟𝑒𝑝  Probability that a component is replaced immediately 

𝑃(𝑌) Probability of customer allowing a USD replacement 

𝑇𝑆𝐷  Duration of a scheduled maintenance visit in years 

𝑇𝑈𝑆𝐷  Duration of an unscheduled maintenance visit in years 

𝑇𝐶𝑀  Duration of a corrective maintenance visit in years 

𝑇𝐶  Time the component reaches its control limit C in years 

𝑇𝐹  Time the component reaches its failure limit F in years 

𝑇𝑈𝑆𝐷1 Time the first USD occurs after the control limit in years 

𝑇𝑈𝑆𝐷2 Time the second USD occurs after the control limit in years 

𝑢 Time of TC in years  

𝑣 Time of TF in years  

𝑓𝑇𝐶
(𝑢) Probability density function of the passage time TC  
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𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢) Conditional probability density function of the passage time TF 

𝑓𝑆𝐷(𝑣|𝑢) Condition probability density function of the occurrence of SDs within a time interval 

𝑔(𝑠) Probability density function of the exponential distribution with parameter 𝜆 

𝑔(𝑘) Probability density function of the exponential distribution with parameter 𝜆 

𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 Cost per time unit for the condition based maintenance policy for inspection CBM 
components in euro per year 

𝜆 Arrival rate of USDs per year for the total system 

𝜏 Time between two scheduled downs in years 

 
An optimization model of the opportunistic maintenance policy is proposed to minimize the long-run 
average cost rate by specifying the control limit 𝐶. The average cost rate 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠  of a component can 
be calculated by dividing the expected cycle costs by the expected cycle length. The optimal value of 
the control limit 𝐶 can be found by minimizing 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠. The optimization problem is formulated as: 
 

𝑚𝑖𝑛
𝐶

          𝑍𝐶𝐵𝑀_𝑖𝑛𝑠(𝐶) =  
𝐸𝐶𝐶(𝐶)

𝐸𝐶𝐿(𝐶)
 

𝑠. 𝑡.          0 < 𝐶 < 𝐹 

(57) 

 
Where 𝐸𝐶𝐶 (expected cycle cost) and 𝐸𝐶𝐿 (expected cycle length) imply the expected cost and length 
of a maintenance cycle, which are equal to: 
 

𝐸𝐶𝐶(𝐶) = (𝑁𝑟𝑢𝑠𝑑 + 𝑁𝑟𝑠𝑑) ∗ 𝐶𝑖𝑛𝑠 + 𝑃1
𝑆𝐷 ∗ (𝐶𝑆𝐷 + 𝐶𝑖𝑛𝑠) + 𝑃1

𝑈𝑆𝐷 ∗ (𝐶𝑈𝑆𝐷 + 𝐶𝑖𝑛𝑠)

+ 𝑃1
𝐶𝑀 ∗ 𝐶𝐶𝑀 + 𝑃2

𝑆𝐷 ∗ (𝐶𝑆𝐷 + 𝐶𝑖𝑛𝑠) + 𝑃2
𝑈𝑆𝐷 ∗ (𝐶𝑈𝑆𝐷 + 𝐶𝑖𝑛𝑠) + 𝑃2

𝐶𝑀

∗ (𝐶𝐶𝑀 + 𝐶𝑖𝑛𝑠) 

(58) 

 
𝐸𝐶𝐿(𝐶) = 𝐸𝐶𝐿1.1𝑎 + 𝐸𝐶𝐿1.1𝑏 + 𝐸𝐶𝐿1.2𝑎 + 𝐸𝐶𝐿1.2𝑏 + 𝐸𝐶𝐿1.3 + 𝐸𝐶𝐿2.1𝑎 + 𝐸𝐶𝐿2.1𝑏

+ 𝐸𝐶𝐿2.2𝑎 + 𝐸𝐶𝐿2.2𝑏 + 𝐸𝐶𝐿2.3𝑎 + 𝐸𝐶𝐿2.3𝑏1 + 𝐸𝐶𝐿2.3𝑏2 + 𝐸𝐶𝐿2.3𝑐

+ 𝐸𝐶𝐿2.4𝑎 + 𝐸𝐶𝐿2.4𝑏 + 𝐸𝐶𝐿2.4𝑐  
(59) 

 
The expected maintenance time (EMT) per cycle is equal to:  
 

𝐸𝑀𝑇(𝐶) =  𝑃𝑆𝐷 ∗ 𝑇𝑆𝐷 + 𝑃𝑈𝑆𝐷 ∗ 𝑇𝑈𝑆𝐷 + 𝑃𝐶𝑀 ∗ 𝑇𝐶𝑀  (60) 
 
The average availability of a component during a maintenance cycle is equal to: 
 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝐶) =
𝐸𝐶𝐿(𝐶)

𝐸𝐶𝐿(𝐶) + 𝐸𝑀𝑇(𝐶)
 (61) 

 
The corresponding uptime and downtime during a maintenance cycle are: 
 

𝑈𝑝𝑡𝑖𝑚𝑒 (𝐶) = 𝐸𝐶𝐿(𝐶) (62) 
𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒 (𝐶) = 𝐸𝑀𝑇(𝐶) (63) 

 
In the UBM model, discussed in Section 5.2, and the CBM model for continuously monitored 
components, discussed in Section 5.3, the first allowed USD after the control limit is used as 
opportunity for preventive replacement. Therefore, the model uses only the time point that the first 
allowed USD occurs. As discussed in Section 5.4, the new CBM model does not use only the first 
allowed USD but also the second allowed USD. The USDs arrive according to a Poisson process that 
has exponentially distributed interarrival times with arrival rate 𝜆. To count the number of allowed 
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USDs that occur within an interval, the Poisson point process is used. The Poisson point process with 
arrival rate 𝜆 implies the probability of the number of points 𝑁 in an interval (0, 𝑡] has a Poisson 
distribution with parameter 𝜆𝑡: 

𝑃{𝑁(𝑡) = 𝑛} =
(𝜆𝑡)𝑛

𝑛!
𝑒−𝜆𝑡  (64) 

With the inclusion of the additional probability that the customer allows a USD replacement, the 
probability is equal to: 

𝑃{𝑁(𝑡) = 𝑛} =
(𝜆𝑃(𝑌)𝑡)𝑛

𝑛!
𝑒−𝜆𝑃(𝑌)𝑡 (65) 

We assume that the condition of the component is inspected at each scheduled and unscheduled 
down. The expected number of scheduled and unscheduled downs before the control limit is reached 
is equal to: 
 

𝑁𝑟𝑢𝑠𝑑 = 𝜆𝑃(𝑌) ∗ 𝐸[𝑇𝑐] = 𝜆𝑃(𝑌) ∗ ∑ ∫ 𝑢 ∗ 𝑓𝑇𝐶
(𝑢)

𝑛𝜏

𝑢=(𝑛−1)𝜏

∞

𝑛=1
 (66) 

𝑁𝑟𝑠𝑑 =
𝐸[𝑇𝑐]

𝜏
=

∑ ∫ 𝑢 ∗ 𝑓𝑇𝐶
(𝑢)

𝑛𝜏

𝑢=(𝑛−1)𝜏
∞
𝑛=1

𝜏
 (67) 

 
Consider an arbitrary maintenance cycle that starts at time 0. The scheduled down moments for this 
component take place at moments 𝑛𝜏. Let 𝑋(𝑡) denotes the degradation of the CBM component at 
time 𝑡 ∈ [0, ∞) in one maintenance cycle. The degradation process is described by a random 
coefficient model. We assume the degradation is monotonic, this means that 𝑋(𝑡) will first cross the 
control limit 𝐶 before reaching 𝐹 (i.e., 𝑇𝑐 < 𝑇𝐹 ). We consider 𝑇𝑐  occurs in a certain interval between 
two periodic SDs (𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏, 𝑛 ∈ ℕ, namely when 𝑋(𝑡) reaches 𝐶 at the time point 𝑢 ∈
[(𝑛 − 1)𝜏, 𝑛𝜏). The probability distribution function (PDF) of 𝑇𝐶  is 𝑓𝑇𝐶

(𝑢). The passage time of 𝑇𝐹  

depends on the 𝑇𝐶 . Given that 𝑇𝐶 = 𝑢, the conditional pdf of 𝑇𝐹  is 𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢), where 𝑐 ∈ [𝑢, ∞). Two 

options for the moment of failure 𝑇𝐹  can be distinguished, either the component fails between 𝑇𝐶  and 
the next scheduled down (𝑇𝐹 < 𝑛𝜏), or it will fail after the next scheduled down (𝑇𝐹 ≥ 𝑛𝜏). Both 
options are discussed now. 

F.1  The component fails before the next scheduled down 𝑻𝑭 < 𝒏𝝉 
Given (𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏, if 𝑋(𝑡) passes 𝐹 at the time point 𝑣 before 𝑛𝜏, i.e., 𝑇𝐹 = 𝑣 and 𝑣 ∈ [𝑢, 𝑛𝜏), 
there will be no opportunity due to periodic maintenance. For a preventive replacement of the 
component, one depends on the arrival of USDs. Customers accept USDs as opportunities to perform 
preventive maintenance on components with probability 𝑃(𝑌). When no accepted USD arrives after 
the control limit and before 𝑣, the component is replaced correctively. In case an accepted USD occurs 
after the control limit and before 𝑣, the component is replaced preventively during this USD with 
probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠. The component is replaced during the next maintenance moment with 

probability 𝑃𝑙𝑎𝑡, which is either a CM or an accepted USD. The mathematical models for each scenario 
are now discussed. 
 

F.1.1  At least two accepted USDs occur after the control limit and before failure 
Two or more accepted USDs occur after the control limit and before failure of the component. This 
will happen if 𝑇𝐶 + 𝑇𝑈𝑆𝐷1 + 𝑇𝑈𝑆𝐷2 ≤ 𝑇𝐹, with a probability (see Equation 65): 

𝑃{𝑁(𝑣 − 𝑢) ≥ 2} =  1 − 𝑃{𝑁(𝑣 − 𝑢) = 0} − 𝑃{𝑁(𝑣 − 𝑢) = 1} 

= 1 − 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) − 𝜆𝑃(𝑌)(𝑣 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) 
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Two different possibilities can be distinguished for the replacement of the component: 
 
A. The component is inspected and replaced during the first USD  
 
 
 
 
 
 
 
 
 
 
 
 

The corresponding probability is: 
 

𝑃1.1𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ (1 − 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) − 𝜆𝑃(𝑌)(𝑣 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑣−𝑢))𝑓𝑇𝐹 |𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 
(68) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 𝑘 the 
time point of the second USD: 
 

𝐸𝐶𝐿1.1𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ ∫ ∫ (𝑢 + min(𝑠, 𝑘))
𝑣−𝑢

𝑘=0

𝑣−𝑢

𝑠=0

𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝑔(𝑘)𝑑𝑘𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

𝑔(𝑘) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑘 

(69) 

 
B. The component is inspected during the first USD and replaced during the second USD  
 

 
Figure 31: CBM inspection scenario 1.1b 

The corresponding probability is: 
 

𝑃1.1𝑏 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ (1 − 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) − 𝜆𝑃(𝑌)(𝑣 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑣−𝑢))𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 
(70) 

 

SD

Failure

Control limit

Unscheduled down

SD

Scheduled down

Maintenance 
moment

SD

Failure

Control limit

Unscheduled down

SD

Scheduled down

Maintenance 
moment

Figure 30: CBM inspection scenario 1.1a 



82 

With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 𝑘 the 
time point of the second USD: 
 

𝐸𝐶𝐿1.1𝑏 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ ∫ ∫ (𝑢 + max (𝑠, 𝑘)
𝑣−𝑢

𝑘=0

𝑣−𝑢

𝑠=0

𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝑔(𝑘)𝑑𝑘𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

𝑔(𝑘) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑘 

 

(71) 

F.1.2  One allowed USD occurs after the control limit and before failure 
One accepted USD occurs after the control limit and before failure of the component. This will happen 
if 𝑇𝐶 + 𝑇𝑈𝑆𝐷1 ≤ 𝑇𝐹 < 𝑇𝑈𝑆𝐷2, with a probability (see Equation 65): 

𝑃{𝑁(𝑣 − 𝑢) = 1} = 𝜆𝑃(𝑌)(𝑣 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) 

There are two possibilities for the replacement of the components: 
 
A. The component is inspected and replaced during the USD 
 

 
Figure 32: CBM inspection scenario 1.2a 

The corresponding probability is: 
 

𝑃1.2𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠)

∗ ∫ ∫ 𝜆𝑃(𝑌)(𝑣 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (72) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 

𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑣 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) the probability that the time point of the second USD is after the 
moment of failure: 
 

𝐸𝐶𝐿1.2𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ ∫ (𝑢 + 𝑠)𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)
𝑣−𝑢

𝑠=0

𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑔(𝑠)𝑑𝑘𝑠𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹 |𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(73) 

 
B. The component is inspected during the USD and correctively replaced during a corrective 
maintenance visit  
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Figure 33: CBM inspection scenario 1.2b 

The corresponding probability is: 
 

𝑃1.2𝑏 = 𝑃𝑙𝑎𝑡 ∗ ∫ ∫ 𝜆𝑃(𝑌)(𝑣 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (74) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 

𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑣 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) the probability that the time point of the second USD is after the 
moment of failure: 
 

𝐸𝐶𝐿1.2𝑏

= 𝑃𝑙𝑎𝑡 ∗ ∫ ∫ ∫ 𝑣𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)
𝑣−𝑢

𝑠=0

𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑔(𝑠)𝑑𝑘𝑠𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 
 

(75) 

F.1.3  No allowed USD occurs after the control limit and before failure 
No accepted USDs occur after the control limit and before failure of the component. This will happen 
if 𝑇𝐶 ≤ 𝑇𝐹 < 𝑇𝑈𝑆𝐷1, with a probability (see Equation 65): 

𝑃{𝑁(𝑣 − 𝑢) = 0} = 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) 

The component is correctively replaced during a corrective maintenance visit 
 

 
Figure 34: CBM inspection scenario 1.3 

The corresponding probability is: 
 

𝑃1.3 = ∫ ∫ 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (76) 
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With contribution to the expected cycle length, where 𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑣 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) is the 
probability that the time point of the first USD is after the moment of failure: 
 

𝐸𝐶𝐿1.3 = ∫ ∫ 𝑣𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=𝑛𝜏

𝑣=𝑢

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 

 

(77) 

F.2 The component fails before the next scheduled down 𝑻𝑭 ≥ 𝒏𝝉 
Given (𝑛 − 1)𝜏 < 𝑇𝐶 < 𝑛𝜏, if 𝑋(𝑡) passes 𝐹 at the time point 𝑣 after 𝑛𝜏, i.e., 𝑇𝐹 = 𝑣 and 𝑣 ∈ [𝑛𝜏, ∞), 
the component is replaced either preventively during an SD or USD or correctively during a CM visit. 
For a preventive replacement of the component, one depends on the arrival of SDs and USDs. 
Customers accept USDs as opportunities to perform preventive maintenance on components with 
probability 𝑃(𝑌). When the first accepted USD after the control limit occurs before the next scheduled 
down, the component is replaced preventively during this USD with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠. 

Replacement takes place during the next maintenance moment with probability 𝑃𝑙𝑎𝑡, which is either 
an SD or accepted USD. In case, no USD occurs before the next scheduled down, the component is 
replaced preventively during the SD with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠. The component is replaced during 

the next maintenance moment with probability 𝑃𝑙𝑎𝑡, which is either a USD, SD or CM. The 
mathematical models for each scenario are now discussed. 
 

F.2.1 At least two accepted USDs occur after the control limit and before the next 
scheduled down 

Two or more accepted USDs occur after the control limit and before the next scheduled down 
moment. This will happen if 𝑇𝐶 + 𝑇𝑈𝑆𝐷1 + 𝑇𝑈𝑆𝐷2 ≤ 𝑛𝜏, with a probability (see Equation 65): 

𝑃{𝑁(𝑛𝜏 − 𝑢) ≥ 2} =  1 − 𝑃{𝑁(𝑛𝜏 − 𝑢) = 0} − 𝑃{𝑁(𝑛𝜏 − 𝑢) = 1} 

= 1 − 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) − 𝜆𝑃(𝑌)(𝑛𝜏 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) 

Two different possibilities can be distinguished for the replacement of the component: 
 
A. The component is inspected and replaced during the first USD 
 

 
Figure 35: CBM inspection case 2.1a 

The corresponding probability is: 
 

𝑃2.1𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ (1 − 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) − 𝜆𝑃(𝑌)(𝑛𝜏 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢))𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 
(78) 
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With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 𝑘 the 
time point of the second USD: 
 

𝐸𝐶𝐿2.1𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ ∫ ∫ (𝑢 + min(𝑠, 𝑘))
𝑛𝜏−𝑢

𝑘=0

𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝑔(𝑘)𝑑𝑘𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹 |𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

𝑔(𝑘) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑘 

(79) 

 
B. The component is inspected during the first USD and replaced during the second USD 
 

 
Figure 36: CBM inspection scenario 2.1b 

The corresponding probability is: 
 

𝑃2.1𝑏 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ (1 − 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) − 𝜆𝑃(𝑌)(𝑛𝜏 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢))𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 
(80) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 𝑘 the 
time point of the second USD: 
 

𝐸𝐶𝐿2.1𝑏 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ ∫ ∫ (𝑢 + max(𝑠, 𝑘))
𝑛𝜏−𝑢

𝑘=0

𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝑔(𝑘)𝑑𝑘𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

𝑔(𝑘) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑘 

(81) 

F.2.2 One allowed USD occurs after the control limit and before the next 
scheduled down 

One accepted USDs occur after the control limit and before the next scheduled down moment. This 
will happen if 𝑇𝐶 + 𝑇𝑈𝑆𝐷1 ≤ 𝑛𝜏 ≤ 𝑇𝑈𝑆𝐷2, with a probability (see Equation 65): 

𝑃{𝑁(𝑛𝜏 − 𝑢) = 1} =  𝜆𝑃(𝑌)(𝑛𝜏 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) 

There are two possibilities for the replacement of the component: 
 
A. The component is inspected and replaced during the USD 
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Figure 37: CBM inspection scenario 2.2a 

The corresponding probability is: 
 

𝑃2.2𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ 𝜆𝑃(𝑌)(𝑛𝜏 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 
(82) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 

𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑛𝜏 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) the probability that the time point of the second USD is after 
the next scheduled down: 

 
𝐸𝐶𝐿2.2𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ ∫ (𝑢 + 𝑠
𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 
 

(83) 

B. The component is inspected during the USD and replaced during the next scheduled down 
 

 
Figure 38: CBM inspection scenario 2.2b 

The corresponding probability is: 
 

𝑃2.2𝑏 = 𝑃𝑙𝑎𝑡 ∗ ∫ ∫ 𝜆𝑃(𝑌)(𝑛𝜏 − 𝑢)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (84) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD and 

𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑛𝜏 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) the probability that the time point of the second USD is after 
the next scheduled down: 

𝐸𝐶𝐿2.2𝑏 = 𝑃𝑙𝑎𝑡 ∗ (85) 
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∫ ∫ ∫ 𝑛𝜏
𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 
 

F.2.3 At least one allowed USD occurs after the next scheduled down and before 
failure, while no USDs occur between the control limit and the next 
scheduled 

One or more accepted USDs occur after the next scheduled down and before failure, on the condition 
that no USDs occur between the control limit and the next scheduled. This condition is included 
because the next SD is the first opportunity to inspect the component, otherwise it was already 
inspected during a USD before the next SD. This will happen if 𝑇𝐶 ≤ 𝑛𝜏 ≤ 𝑇𝑈𝑆𝐷1 ≤ 𝑇𝐹 , with a 
probability (see Equation 65): 

𝑃{𝑁(𝑛𝜏 − 𝑢) = 0} ∗ 𝑃{𝑁(𝑣 − 𝑛𝜏) ≥ 1} =  𝑃{𝑁(𝑛𝜏 − 𝑢) = 0} ∗ (1 − 𝑃{𝑁(𝑣 − 𝑛𝜏) = 0}) 

= 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) ∗ (1 − 𝜆𝑃(𝑌)(𝑣 − 𝑛𝜏)𝑒−𝜆𝑃(𝑌)(𝑣−𝑛𝜏)) 

There are three probabilities for the replacement of the component. First, it can be both inspected 
and replaced during the SD. Furthermore, it can be inspected during the SD and replaced afterwards 
during either a USD or SD: 
 
A. The component is inspected and replaced during the next scheduled down 
 

 
Figure 39: CBM inspection scenario 2.3a 

The corresponding probability is: 
 

𝑃2.3𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ (𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) ∗ (1 − 𝜆𝑃(𝑌)(𝑣 − 𝑛𝜏)𝑒−𝜆𝑃(𝑌)(𝑣−𝑛𝜏)))𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 
(86) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD between the 

next scheduled down and failure, and 𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑛𝜏 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) the probability that no 
USD occurs before the next scheduled down: 
 

𝐸𝐶𝐿2.3𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ ∫ 𝑛𝜏
𝑣−𝑢

𝑠=𝑛𝜏−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(87) 

 
B. The component is inspected during the first scheduled down and replaced afterwards during the 
USD 
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The moment the first SD after the control limit 𝐶 takes place is referred to as 𝑛𝜏 in the models. Now, 
we are interested in whether a second SD takes place between 𝑛𝜏 and the moment of failure 𝑣. In this 
section, the moment that this second SD takes place is referred to as (𝑛 + 1)𝜏. There are two scenarios 
for this type of replacement. The first scenario happens when no SD occurs between the first SD 𝑛𝜏 
and failure 𝑣, which is shown in Figure 40-A, the component is replaced during the USD. Second, when 
one or more SDs take place after the first SD 𝑛𝜏 and before failure, the component is replaced during 
the USD when it occurs before the second SD (𝑛 + 1)𝜏 after the control limit, which is shown in Figure 
40-B. 
 

 
Figure 40: CBM inspection: scenario 2.3b1 (A), scenario 2.3b2 (B) 

B1. No SD occurs between the first SD and failure 
To include whether an SD takes place within a time interval, a new probability distribution function 
𝑓𝑆𝐷  is included. The probability that no SD occurs between the first SD 𝑛𝜏 and failure 𝑣 is equal to one 
when the time between 𝑛𝜏 and 𝑣 is smaller than 𝜏, which reduces the conditional probability to: 
 

∫ 𝑓𝑆𝐷(𝑣|𝑢)𝑑𝑣 = {
1          𝑖𝑓 𝑣 − 𝑛𝜏 < 𝜏
0          𝑖𝑓 𝑣 − 𝑛𝜏 ≥ 𝜏

∞

𝑣=𝑛𝜏

 (88) 

 
The corresponding probability is: 
 

𝑃2.3𝑏1 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ (𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) ∗ (1 − 𝜆𝑃(𝑌)(𝑣 − 𝑛𝜏)𝑒−𝜆𝑃(𝑌)(𝑣−𝑛𝜏)))
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

∗ 

𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

(89) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD between the 

first SD 𝑛𝜏 and failure 𝑣, and 𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑛𝜏 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) the probability that no USD occurs 
before the first scheduled down 𝑛𝜏: 
 

𝐸𝐶𝐿2.3𝑏1 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ ∫ (𝑢 + 𝑠
𝑣−𝑢

𝑠=𝑛𝜏−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(90) 

 
B2. One or more SDs take place between the first SD and failure, and the USD occurs before the second 
SD (𝑛 + 1)𝜏 after the control limit 𝐶 
The probability that one or more SDs occur between the first SD 𝑛𝜏 and failure 𝑣 is equal to one when 
the time between 𝑛𝜏 and 𝑣 is larger than 𝜏, which reduces the conditional probability to: 

∫ 𝑓𝑆𝐷(𝑣|𝑢)𝑑𝑣 = {
1          𝑖𝑓 𝑣 − 𝑛𝜏 ≥ 𝜏
0          𝑖𝑓 𝑣 − 𝑛𝜏 < 𝜏

∞

𝑣=𝑛𝜏

 (91) 
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The corresponding probability is: 
 

𝑃2.3𝑏2 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ ∫ (𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) ∗ (1 − 𝜆𝑃(𝑌)(𝑣 − 𝑛𝜏)𝑒−𝜆𝑃(𝑌)(𝑣−𝑛𝜏)))
(𝑛+1)𝜏−𝑢

𝑠=𝑛𝜏−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

∗ 

𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(92) 

 
With contribution to the expected cycle length, where 𝑠 is the time point of the first USD between the 

first SD 𝑛𝜏 and the SD hereafter (𝑛 + 1)𝜏, and 𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑛𝜏 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) the probability 
that no USD occurs before the first scheduled down 𝑛𝜏: 
 

𝐸𝐶𝐿2.3𝑏2 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ ∫ (𝑢 + 𝑠
(𝑛+1)𝜏−𝑢

𝑠=𝑛𝜏−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(93) 

 
C. The component is inspected during the first scheduled down and replaced during the second 
scheduled down after the control limit 𝐶 
The component is replaced during the second SD (𝑛 + 1)𝜏 when one or more SDs take place after the 
first SD 𝑛𝜏 and before failure 𝑣, on the condition that the first USD after 𝑛𝜏 occurs after the second 
SD (𝑛 + 1)𝜏, which is shown in Figure 41. The probability that one or more SDs occur between the 
first SD 𝑛𝜏 and failure 𝑣 is calculated according to Equation 91. 
 

 
Figure 41: CBM inspection scenario 2.3c 

The corresponding probability is: 
 

𝑃2.3𝑐 = 𝑃𝑙𝑎𝑡 ∗ 

(∫ ∫ ∫ (𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)(1 − 𝜆𝑃(𝑌)(𝑣 − 𝑛𝜏)𝑒−𝜆𝑃(𝑌)(𝑣−𝑛𝜏))) ∗
𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 

  𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 + 

∫ ∫ ∫ (𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)(1 − 𝜆𝑃(𝑌)(𝑣 − 𝑛𝜏)𝑒−𝜆𝑃(𝑌)(𝑣−𝑛𝜏)))
∞

𝑠=(𝑛+1)𝜏−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

∗ 

𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢)                   

              

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

 

(94) 
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With contribution to the expected cycle length, where 𝑠 is the time point of the first USD between the 

second scheduled down (𝑛 + 1)𝜏 and failure 𝑣, and 𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑛𝜏 − 𝑢)} = 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢) the 
probability that no USD occurs before the first scheduled down 𝑛𝜏: 
 

𝐸𝐶𝐿2.3𝑏2 = 𝑃𝑙𝑎𝑡 ∗ 

∫ ∫ ∫ (𝑛 + 1
𝑣−𝑢

𝑠=(𝑛+1)𝜏−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

)𝜏 𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(95) 

 

F.2.4 No allowed USD occurs after the control limit and before failure 
No accepted USD occurs after the control limit and before failure of the component. This will happen 
if 𝑇𝐶 ≤ 𝑇𝐹 < 𝑇𝑈𝑆𝐷1, with a probability (see Equation 65): 

𝑃{𝑁(𝑣 − 𝑢) = 0} = 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢) 

The two probabilities for the replacement of the component are: 
 
A. The component is inspected and replaced during the next scheduled down 
 

 
Figure 42: CBM inspection scenario 2.4a 

The corresponding probability is: 
 

𝑃2.4𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

∫ ∫ 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 
(96) 

 
For the contribution to the expected cycle length we need the probability that that no USD occurs 
between the control limit and the next scheduled down, which is equal to: 𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑛𝜏 − 𝑢)} =

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢). The probability that no USD occurs between the next scheduled down and the moment 
of failure is equal to: 

𝑃{𝑇𝑈𝑆𝐷 ≤ (𝑛𝜏 − 𝑢)} + 𝑃{𝑇𝑈𝑆𝐷 ≥ (𝑣 − 𝑢)} = 1 − ∫ 𝑔(𝑠)𝑑𝑠
𝑣−𝑢

𝑠=𝑛𝜏−𝑢

= ∫ 𝑔(𝑠)𝑑𝑠
𝑛𝜏−𝑢

𝑠=0

+ ∫ 𝑔(𝑠)𝑑𝑠
∞

𝑠=𝑣−𝑢
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Therefore, we divide the contribution to the expected cycle length into two parts:  
 

𝐸𝐶𝐿2.4𝑎 = (𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 

(∫ ∫ ∫ 𝑛𝜏
𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 + 

∫ ∫ ∫ 𝑛𝜏
∞

𝑠=𝑣−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢) 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(97) 

 
B. The component is inspected during the first scheduled down and correctively replaced afterwards 
during a corrective maintenance visit. 
When no opportunity to replace the component preventively occurs after control limit 𝐶, it is replaced 
correctively. The probability that no SD takes place between the first SD 𝑛𝜏 and failure 𝑣 is calculated 
according to Equation 88. 
 

 
Figure 43: CBM inspection scenario 2.4b 

The corresponding probability is: 
 

𝑃2.4𝑏 = 𝑃𝑙𝑎𝑡 ∗ ∫ ∫ 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (98) 

 
The contribution to the expected cycle length is again divided into two parts:  
 

𝐸𝐶𝐿2.4𝑏 = 𝑃𝑙𝑎𝑡 ∗ 

(∫ ∫ ∫ 𝑣
𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 + 

∫ ∫ ∫ 𝑣
∞

𝑠=𝑣−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢) 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(99) 

 
C. The component is inspected during the first scheduled down and replaced during the second 
scheduled down after the control limit 𝐶. 
When one or more SDs take place between the first scheduled down 𝑛𝜏 and failure 𝑣, the component 
is replaced during the second SD (𝑛 + 1)𝜏. The probability that one or more SDs take place is 
calculated according to Equation 91. 
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Figure 44: CBM inspection scenario 2.4c 

The corresponding probability is: 
 

𝑃2.4𝑐 = 𝑃𝑙𝑎𝑡 ∗ ∫ ∫ 𝑒−𝜆𝑃(𝑌)(𝑣−𝑢)𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢
𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

 (100) 

 
The contribution to the expected cycle length is again divided into two parts:  
 

𝐸𝐶𝐿2.4𝑐 = 𝑃𝑙𝑎𝑡 ∗ 

(∫ ∫ ∫ (𝑛 + 1)𝜏
𝑛𝜏−𝑢

𝑠=0

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢 + 

∫ ∫ ∫ (𝑛 + 1)𝜏
∞

𝑠=𝑣−𝑢

𝑣=∞

𝑣=𝑛𝜏

𝑢=𝑛𝜏

𝑢=(𝑛−1)𝜏

𝑒−𝜆𝑃(𝑌)(𝑛𝜏−𝑢)𝑔(𝑠)𝑑𝑠𝑓𝑆𝐷(𝑣|𝑢)𝑓𝑇𝐹|𝑇𝐶
(𝑣|𝑢)𝑑𝑣𝑓𝑇𝐶

(𝑢)𝑑𝑢) 

𝑔(𝑠) = 𝜆𝑃(𝑌)𝑒−𝜆𝑃(𝑌)𝑠 

(101) 

 
Now, we can calculate the probabilities that a maintenance cycle ends in a scheduled, unscheduled or 
corrective maintenance visit. The sum of these probabilities is equal to one. 
 

𝑃1
𝑆𝐷 = ∑ 𝑃2.3𝑎 + 𝑃2.4𝑎

∞

𝑛=1

 (102) 

𝑃2
𝑆𝐷 = ∑ 𝑃2.2𝑏 +

∞

𝑛=1

𝑃2.3𝑐 + 𝑃2.4𝑐 (103) 

𝑃1
𝑈𝑆𝐷 = ∑ 𝑃1.1𝑎 + 𝑃1.2𝑎 + 𝑃2.1𝑎 + 𝑃2.2𝑎

∞

𝑛=1

 (104) 

𝑃2
𝑈𝑆𝐷 = ∑ 𝑃1.1𝑏 + 𝑃2.1𝑏 + 𝑃2.3𝑏1 + 𝑃2.3𝑏2

∞

𝑛=1

 (105) 

𝑃1
𝐶𝑀 = ∑ 𝑃1.3

∞

𝑛=1

 (106) 

𝑃2
𝐶𝑀 = ∑ 𝑃1.2𝑏

∞

𝑛=1

+ 𝑃2.4𝑏  (107) 
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Appendix G Alternative maintenance strategy for CBM 
inspection components 

Variable Definition 

𝐶 Control limit of CBM component 

𝐶𝑆𝐷  Cost of a scheduled maintenance visit in euro 

𝐶𝑈𝑆𝐷  Cost of an unscheduled maintenance visit in euro 

𝐶𝐶𝐵𝑀  Cost of a condition based maintenance visit 

𝐶𝐶𝑀 Cost of a corrective maintenance visit in euro 

𝐶𝑖𝑛𝑠 Cost of a condition inspection in euro 

𝐶𝑡𝑟𝑠 Cost of transportation of a component to customer 

𝐸𝐶𝐶 Expected cycle cost in euro 

𝐸𝐶𝐿 Expected cycle length in years 

𝐹 Failure limit of CBM component 

𝑁𝑟𝑆𝐷  Expected number of scheduled down visits before the control limit 

𝑁𝑟𝑈𝑆𝐷  Expected number of unscheduled down visit before the control limit  

𝑃𝑆𝐷  Probability that a component is replaced at scheduled down visit 

𝑃𝑈𝑆𝐷  Probability that a component is replaced at unscheduled down visit 

𝑃𝐶𝐵𝑀 Probability that a component is replaced at condition based maintenance visit 

𝑃𝐶𝑀 Probability that a component is replaced at corrective maintenance visit 

𝑃𝑡𝑟𝑠 Probability that a component is delivered to the customer via transport 

𝑃𝑙𝑎𝑡 Probability that a service engineer comes back later to replace component 

𝑃𝑟𝑒𝑝  Probability that a component is replaced immediately 

𝑃(𝑌) Probability of customer allowing a USD replacement 

𝑍𝐶𝐵𝑀_𝑖𝑛𝑠  Cost per time unit for the condition based maintenance policy for inspection CBM 
components in euro per year 

 
In this appendix, we explain an alternative strategy for maintaining CBM inspection components. In 
Appendix F, the CBM model for inspection components assumes that when a service engineer cannot 
replace a component that has passed its control limit, it is replaced during the next maintenance 
moment, which is either an SD, USD or CM visit. As an alternative, we could decide that when a service 
engineer discovers through inspection that a component has passed its control limit, we do not wait 
until the next maintenance moment. Instead, we plan a new maintenance visit shortly after the 
inspection that turns out that component has passed its control limit. In this way, we avoid the 
scenario that a component fails when no opportunity occurs between the inspection and failure. 
Because the visit can be planned in advance, but is still especially arranged for this component, we 
consider it as a CBM visit like we did in the continuous CBM model of Appendix E. For this alternative 
CBM inspection model, we use the continuous CBM model of Appendix E. This is because we are not 
interested in the second maintenance moment anymore because we always plan a CBM visit when a 
service engineer cannot replace the component that has passed its control limit. The optimization 
problem remains the same, which is formulates as follows: 
 

𝑚𝑖𝑛
𝐶

          𝑍𝐶𝐵𝑀_𝑖𝑛𝑠(𝐶) =  
𝐸𝐶𝐶(𝐶)

𝐸𝐶𝐿(𝐶)
 

𝑠. 𝑡.          0 < 𝐶 < 𝐹 

(108) 

 



94 

The expected cycle length remains the same because we assume that the CBM visit is planned shortly 
after the moment that the service engineer discovers that the component has passed its control limit 
and cannot replace it. 
 

𝐸𝐶𝐿(𝐶) = ∑ 𝐸𝐶𝐿1.1 + 𝐸𝐶𝐿1.2 + 𝐸𝐶𝐿2.1 + 𝐸𝐶𝐿2.2

∞

𝑛=1

 (109) 

 
Compared to the continuous CBM model of Appendix E, we have and additional probability 𝑃𝐶𝑀 that 
corresponds to the scenario when a component fails before an inspection turns out that the 
component has passed its control limit. We also have additional cost parameters. The first one is the 
cost of a corrective maintenance visit 𝐶𝐶𝑀, which is paid in case of a CM visit. The second additional 

cost parameter is the inspection costs 𝐶𝑖𝑛𝑠, which are paid each time the component is inspected. The 
expected number of USDs and SDs before the component reaches its control limit are calculated 
according to Equation 55 and 56. During each of these USDs and SDs, we need to pay inspection costs. 
This leads to the following expected cycle length: 
 

𝐸𝐶𝐶(𝐶) = (𝑁𝑟𝑢𝑠𝑑 + 𝑁𝑟𝑠𝑑) ∗ 𝐶𝑖𝑛𝑠 + 𝑃𝑆𝐷 ∗ ((𝐶𝑆𝐷 + 𝐶𝑖𝑛𝑠) + (𝑃𝑡𝑟𝑠 ∗ 𝐶𝑡𝑟𝑠)) + 𝑃𝑈𝑆𝐷

∗ ((𝐶𝑈𝑆𝐷 + 𝐶𝑖𝑛𝑠) + (𝑃𝑡𝑟𝑠 ∗ 𝐶𝑡𝑟𝑠)) + 𝑃𝐶𝐵𝑀 ∗ (𝐶𝐶𝐵𝑀 + 𝐶𝑖𝑛𝑠) + 𝑃𝐶𝑀

∗ 𝐶𝐶𝑀  

(110) 

 
The probabilities that a maintenance cycle ends in an SD, USD, CM or CBM visit are equal to:  
 

𝑃𝑆𝐷 = ∑(𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 𝑃2.2

∞

𝑛=1

 (111) 

𝑃𝑈𝑆𝐷 = ∑(𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 𝑃1.1

∞

𝑛=1

+ ∑(𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠) ∗ 𝑃2.1

∞

𝑛=1

 (112) 

𝑃𝐶𝑀 = ∑ 𝑃1.2

∞

𝑛=1

 (113) 

𝑃𝐶𝑀 = ∑ 𝑃𝑙𝑎𝑡 ∗ 𝑃1.1 + 𝑃𝑙𝑎𝑡 ∗ 𝑃2.1 + 𝑃𝑙𝑎𝑡 ∗ 𝑃2.2

∞

𝑛=1

 (114) 

 
The probabilities 𝑃1.1, 𝑃1.2, 𝑃2.1 and 𝑃2.2 are calculated in the same way as they are in the continuous 
CBM model of  Appendix E. 
 
We have to be careful with the starts of renewal cycles in this model. In case a service engineer has to 
come back at a later moment to replace the component, the renewal cycle of the component ends at 
the CBM visit. In the way it is modelled by Zhu (2016), the renewal cycle of the component ends at the 
visit when a service engineer cannot replace it. This means that the component is actually younger 
than the model assumes, because the actual renewal cycle ends later than the renewal cycle in the 
model. This has the consequence that the component is replaced before the optimal preventive 
replacement limit. The influence of this deviation in renewal cycle decreases when the lifetime of the 
component increases, because the proportion between the deviation and lifetime decreases.   
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Appendix H Iteration algorithm UBM 

A copy of the iteration algorithm, proposed by Zhu (2016), to obtain the value of variable 𝑞 in the UBM 
model is shown in Figure 45. 

 
 
  

Figure 45: Iteration algorithm for variable q of Zhu (2016) 
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Appendix I Simulation procedure UBM 

In this appendix, the simulation procedure for UBM components proposed by Zhu (2016) is described. 
The simulation is used to obtain the value of 𝑞 in the single-item maintenance model for UBM 
components discussed in Section 5.2. The value of 𝑞 is used to determine the deviation of the renewal 
cycle. A copy of the simulation procedure of Zhu (2016) is shown in Figure 46, and works as follows: 

1. A timeline is generated with random arrival time points of accepted USDs with rate 𝜆 ∗ 𝑃(𝑌). 
2. Based on the value of 𝜏, time points of SDs are placed on this timeline. 
3. Considering the failure distribution of the component with corresponding parameters, a set 

of random failure times for a component is generated.  Each of these components has a fixed 
value of 𝐴. 

4. The simulation starts at time = 0 on the timeline. A random failure time of the component is 
picked from the lifetime set. The timeline with USDs and SDs is checked whether there occurs 
an opportunity to replace the component between 𝐴 and the failure time. When a USD 
and/or SD occurs within this time, the first opportunity is taken and the component is 
replaced during the USD or SD respectively. When no opportunity occurs on the timeline 
between 𝐴 and the failure time or when the failure time lies before 𝐴, the component is 
replaced during a CM visit. Based on the scenario that happened, the ending time of the 
maintenance cycle is either the first USD after 𝐴, the first SD after 𝐴, or the failure time of 
the component. 

5. The ending time of the maintenance cycle is the starting time of the next maintenance cycle. 
This process is iterated until the end of the timeline is reached. 

6. The average probabilities that a maintenance cycle ends in an SD, USD or CM can be 
calculated, which are multiplied with their corresponding costs to obtain the average 
expected cycle cost (ECC). The average expected cycle length is equal to the average of all 
cycle lengths. The expected cost rate for each simulation run can be calculated by dividing 
the ECC by the ECL. The final expected cost of the simulation is calculated by averaging the 
expected cost rate for all simulation runs. 

7. The 95% confidence interval for the simulation can be calculated by using the expected cost 
rate for each simulation run and the final expected cost rate. 

 
For the simulation, we have to decide the number of simulation runs (number of seeds 𝑚 in 
simulation) and the length of the timeline in years (𝑇𝑚𝑎𝑥). Table 17 shows for a selection of 𝑚 and 
𝑇𝑚𝑎𝑥 the corresponding 95% confidence interval (CI) and calculation time (Calc. time). Based on the 
value of the confidence interval in relation to the calculation time, we choose to use a simulation with 
𝑇𝑚𝑎𝑥 = 25000 and 𝑚 = 20. The component that is used in Table 17 has, according to the UBM 
heuristic approach, an expected cycle length of 0.4 years. The number of simulated cycle lengths is 
approximately equal to: 25000 0.4⁄ = 62,500. We should choose 𝑇𝑚𝑎𝑥 for other components in such 
a way that the number of simulated cycles is approximately equal to 62,500.  
 

Table 17: Different input values UBM simulation 

 𝑻𝒎𝒂𝒙 = 𝟏𝟎𝟎𝟎𝟎 𝑻𝒎𝒂𝒙 = 𝟐𝟓𝟎𝟎𝟎 

𝒎 = 𝟏𝟎 
 

95% CI = 499 
Calc. time = 40 sec 

95% CI = 306 
Calc. time = 4 min 

𝒎 = 𝟐𝟎 95% CI = 401 
Calc. time = 2 min 

95% CI = 195 
Calc. time = 7 min 

𝒎 = 𝟏𝟎𝟎 95% CI = 215 
Calc. time = 7 min 

95% CI = 130 
Calc. time = 40 min 
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Figure 46: Simulation procedure UBM model of Zhu (2016) 
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Appendix J Random coefficient model CBM Zhu (2016) 

In this appendix, the random coefficient model (RCM) used in the single-item CBM model is shown. A 
RCM is used to model the degradation path 𝑋(𝑡) of a component, which is assumed to be linear. The 
path may differ per component, following a certain distribution. Therefore, the arrival time 𝑇𝐶  of a 
degradation path at the control limit 𝐶 differs for each component. It depends on the start value 𝑎 
and the failure limit 𝐹 of a component: 
 

𝑋(𝑡) = 𝜃�̂� + 𝑎,    𝑤𝑖𝑡ℎ 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 𝑙𝑖𝑚𝑖𝑡 𝐹 
 
The probability that the degradation path has passed the control limit 𝐶 at time 𝑡 is equal to: 
 

Pr{𝑇𝐶 ≤ �̂�} = Pr{𝜃�̂� + 𝑎 ≥ 𝐶} 

                                                                                     = 𝑃𝑟 {𝜃 ≥
𝐶−𝑎

�̂�
} 

                                                                                     = 1 − 𝐹𝜃 (
𝐶−𝑎

�̂�
) 

 
In both the CBM case of Zhu (2016) and our CBM model, the degradation rate 𝜃 follows a Weibull 
distribution with a scale parameter 𝛼 and a shape parameter 𝛽. The probability density function of 
the passage time 𝑇𝐶  is: 
 

𝑓𝑇𝐶
(�̂�) =

𝛼𝛽

𝐶 − 𝑎
(

𝐶 − 𝑎

𝛼�̂�
)

𝛽+1

𝑒
−(

𝐶−𝑎
𝛼�̂�

)
𝛽
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Appendix K Simulation procedure CBM for continuously 
monitored components  

In this appendix, the simulation procedure for CBM components proposed by Zhu (2016) is described. 
The simulation is used to check the accuracy of the heuristic model discussed in Section 5.3. A copy of 
the simulation procedure of Zhu (2016) is shown in Figure 47, and works as follows: 

1. A timeline is generated with random arrival time points of accepted USDs with rate 𝜆 ∗ 𝑃(𝑌). 
2. Based on the value of 𝜏, time points of SDs are placed on this timeline. 
3. Considering the degradation process of each CBM component, two sets of random passage 

times of control limit 𝐶 and failure limit 𝐹 are generated. Each of these components has a 
fixed value of 𝐶. 

4. The simulation starts at time = 0 on the timeline. A random passage time 𝑇𝐶  of control limit 
𝐶 and corresponding passage time 𝑇𝐹  of failure limit 𝐹 are picked from the sets of passage 
times. The timeline with USDs and SDs is checked whether there occurs an opportunity to 
replace the component between 𝑇𝐶  and 𝑇𝐹. When a USD and/or SD occurs within this time, 
the first opportunity is taken and the component is replaced during a USD or SD respectively. 
When no opportunity occurs on the timeline between 𝑇𝐶  and 𝑇𝐹, the component is replaced 
during a CM visit. Based on the scenario that happened, the ending time of the maintenance 
cycle is either the first USD after 𝑇𝐶 , the first SD after 𝑇𝐶 , or the failure time 𝑇𝐹  of the 
component. 

5. The ending time of the maintenance cycle is the starting time of the next maintenance cycle. 
This process is iterated until the end of the timeline is reached. We keep iterating the process 
until the end of the timeline is reached, this is different with the procedure of Zhu (2016) 
that iterates until the difference in cost per maintenance cycle is lower than 𝜀. The timeline 
of the procedure of Zhu (2016) is not known in advance, so we are not sure whether the 
output of represents the solution over an infinite horizon. Therefore, we decide to iterate 
until the end of the timeline, just like we did with the UMB simulation.  

6. The average probabilities that a maintenance cycle ends in an SD, USD or CM can be 
calculated, which are multiplied with their corresponding costs to obtain the average 
expected cycle cost (ECC). The average expected cycle length is equal to the average of all 
cycle lengths. The expected cost rate for each simulation run can be calculated by dividing 
the ECC by the ECL. The final expected cost of the simulation is calculated by averaging the 
expected cost rate for all simulation runs. 

7. The 95% confidence interval for the simulation can be calculated by using the expected cost 
rate for each simulation run and the final expected cost rate. 

 
For the simulation, we have to decide the number of simulation runs (number of seeds 𝑚 in 
simulation) and the length of the timeline in years (𝑇𝑚𝑎𝑥). Table 18 shows for a selection of 𝑚 and 
𝑇𝑚𝑎𝑥 the corresponding 95% confidence interval (CI) and calculation time (Calc. time). Based on the 
value of the confidence interval in relation to the calculation time, we choose to use a simulation with 
𝑇𝑚𝑎𝑥 = 100000 and 𝑚 = 20. The component that is used in Table 18 has, according to the CBM 
heuristic approach, an expected cycle length of 1.7 years. The number of simulated cycle lengths is 
approximately equal to: 100000 1.7⁄ = 58,824. We should choose 𝑇𝑚𝑎𝑥 for other components in 
such a way that the number of simulated cycles is approximately equal to 58,824. 
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Table 18: Different input values continuous CBM simulation 

 𝑻𝒎𝒂𝒙 = 𝟏𝟎𝟎𝟎𝟎 𝑻𝒎𝒂𝒙 = 𝟏𝟎𝟎𝟎𝟎𝟎 

𝒎 = 𝟏𝟎 
 

95% CI = 2,793 
Calc. time = 23 sec 

95% CI = 441 
Calc. time = 16 min 

𝒎 = 𝟐𝟎 95% CI = 2,364 
Calc. time = 43 sec 

95% CI = 289 
Calc. time = 30 min 

𝒎 = 𝟏𝟎𝟎 95% CI = 841 
Calc. time = 4 min 

95% CI = 93 
Calc. time = 1.8 hrs 

 

 

 

 



102 

 
 

 
 

 

 
Figure 47: Simulation procedure CBM model of Zhu (2016) 
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Appendix L Simulation procedure CBM for inspection 
components 

In this appendix, the simulation procedure for CBM inspection components is described. The 
simulation is based on the simulation procedure for CBM component, proposed by Zhu (2016). The 
simulation procedure of Appendix K is adapted in a way that components are replaced during the first 
maintenance moment after control limit 𝐶 with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠 and during the second 

maintenance moment after control limit 𝐶 with probability 𝑃𝑙𝑎𝑡. The simulation is used to check the 
accuracy of the heuristic model discussed in Section 5.4. The simulation procedure is shown in Table 
20, and works as follows: 

1. A timeline is generated with random arrival time points of accepted USDs with rate 𝜆 ∗ 𝑃(𝑌). 
2. Based on the value of 𝜏, time points of SDs are placed on this timeline. 
3. Considering the degradation process of each CBM component, two sets of random passage 

times of control limit 𝐶 and failure limit 𝐹 are generated. Each of these components has a 
fixed value of 𝐶. 

4. The simulation starts at time = 0 on the timeline. A random passage time 𝑇𝐶  of control limit 
𝐶 and corresponding passage time 𝑇𝐹  of failure limit 𝐹 are picked from the sets of passage 
times. The timeline with USDs and SDs is checked whether there occurs a maintenance 
opportunity between 𝑇𝐶  and 𝑇𝐹. When a USD and/or SD occurs within this time, the 
component is inspected and replaced preventively with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠. Next, the 
timeline with USDs and SDs is checked whether there occurs a second maintenance 
opportunity between 𝑇𝐶  and 𝑇𝐹. When a USD and/or SD occurs within this time, the 

component is replaced preventively with probability 𝑃𝑙𝑎𝑡. When no opportunity occurs on 
the timeline after the first maintenance moment, the component is replaced correctively 
during a CM visit. This is also the case when there is no opportunity at all on the timeline 
between 𝑇𝐶  and 𝑇𝐹. Based on the scenario that happened, the ending time of the 
maintenance cycle is either the first USD after 𝑇𝐶 , the second USD after 𝑇𝐶 , the first SD after 
𝑇𝐶 , the second SD after 𝑇𝐶  or the failure time 𝑇𝐹  of the component. 

5. The ending time of the maintenance cycle is the starting time of the next maintenance cycle. 
This process is iterated until the end of the timeline is reached. We keep iterating the process 
until the end of the timeline is reached.  

6. The average probabilities that a maintenance cycle ends in an SD, USD or CM can be 
calculated, which are multiplied with their corresponding costs to obtain the average 
expected cycle cost (ECC). The average expected cycle length is equal to the average of all 
cycle lengths. The expected cost rate for each simulation run can be calculated by dividing 
the ECC by the ECL. The final expected cost rate of the simulation is calculated by averaging 
the expected cost rate of all simulation runs. 

7. The 95% confidence interval for the simulation can be calculated by using the expected cost 
rate for each simulation run and the final expected cost rate. 

 
For the simulation, we have to decide the number of simulation runs (number of seeds 𝑚 in 
simulation) and the length of the timeline in years (𝑇𝑚𝑎𝑥). shows for a selection of 𝑚 and 𝑇𝑚𝑎𝑥 the 
corresponding 95% confidence interval (CI) and calculation time (Calc. time). Based on the value of 
the confidence interval in relation to the calculation time, we choose to use a simulation with 𝑇𝑚𝑎𝑥 =
100000 and 𝑚 = 20. The component that is used in Table 19 has, according to the CBM heuristic 
approach, an expected cycle length of 1.7 years. The number of simulated cycle lengths is 
approximately equal to: 100000 1.7⁄ = 58,824. We should choose 𝑇𝑚𝑎𝑥 for other components in 
such a way that the number of simulated cycles is approximately equal to 58,824. 
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Table 19: Different input values inspection CBM simulation 

 

 
As explained in Section 5.4, the periodic maintenance planned on the schedule will be shifted after 
each maintenance cycle in our approximate evaluation model, which is not the case in practice. To 
evaluate the accuracy of the approximate evaluation, we run a simulation to compare with the 
approximation results. We simulate 1) the random failures by a Poisson process with a rate 𝜆 ∗ 𝑃(𝑌) 
and 2) the degradation models under certain distributions. 
 

𝐼𝑘
𝑃𝑀−𝑈𝑆𝐷1 = {

1,  𝑖𝑓 𝑎 𝑃𝑀 − 𝑈𝑆𝐷 𝑎𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑡𝑎𝑘𝑒𝑛 𝑎𝑡 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 1
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝐼𝑘
𝑃𝑀−𝑈𝑆𝐷2 = {

1,  𝑖𝑓 𝑎 𝑃𝑀 − 𝑈𝑆𝐷 𝑎𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑡𝑎𝑘𝑒𝑛 𝑎𝑡 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 2
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝐼𝑘
𝑃𝑀−𝑆𝐷1 = {

1,  𝑖𝑓 𝑎 𝑃𝑀 − 𝑆𝐷 𝑎𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑡𝑎𝑘𝑒𝑛 𝑎𝑡 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 1
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝐼𝑘
𝑃𝑀−𝑆𝐷2 = {

1,  𝑖𝑓 𝑎 𝑃𝑀 − 𝑆𝐷 𝑎𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑡𝑎𝑘𝑒𝑛 𝑎𝑡 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 2
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝐼𝑘
𝑃𝑀−𝐶𝑀1 = {

1,  𝑖𝑓 𝑎 𝐶𝑀 𝑎𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑡𝑎𝑘𝑒𝑛 𝑎𝑡 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 1
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝐼𝑘
𝑃𝑀−𝐶𝑀2 = {

1,  𝑖𝑓 𝑎 𝐶𝑀 𝑎𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑡𝑎𝑘𝑒𝑛 𝑎𝑡 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 2
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

 
There are 𝑚 seeds in the simulation. In each seed 𝑖 ∈ {1,2, … , 𝑚}, we simulate 𝑘𝑖  
renewal/maintenance cycles, where 𝑘 ∈ {0,1,2, … , 𝑘𝑖} is the index of the cycles. Each seed 𝑖 consists 
of: 1) a Poisson process with random arrival time points 𝐴 = {𝑎1, 𝑎2, … , 𝑎𝑥} ∈ ℜ+

𝑥 , 𝑥 ∈ ℕ, where ℜ+ =
[0, ∞); 2) a set of random passage times 𝑇𝐶𝑘,𝑖

 and 𝑇𝐹𝑘,𝑖
∈ ℜ+, ∀𝑘 ∈ ℕ, according to the degradation 

process; and 3) a constant set 𝐵 = {𝜏, 2𝜏, … , 𝑛𝜏}, 𝑛 ∈ ℕ on a time horizon 𝑇𝑚𝑎𝑥 that is sufficiently 
large to simulate the infinite horizon (e.g., 106 times larger than 𝐸𝐶𝐿(𝐶)). 
 
The component is replaced during the first maintenance moment with probability 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠 and 

during the second maintenance moment with probability 𝑃𝑙𝑎𝑡. To include these probabilities in the 
simulation, a random variable 𝑋𝑘,𝑖 is used that is Uniformly distributed on [0,1]. 

 

By running the algorithm in Table 20 iteratively with 𝑚 seeds, the final result of the simulation �̂� =
∑ �̂�𝑖

𝑚
𝑖=1

𝑚
 with a 100(1 − 𝛼)% confidence interval is expressed as follows: 

�̂� ± 𝑡(1 −
𝛼

2
, 𝑚 − 1)√

𝑆2

𝑚
 

Where 𝑆 = ∑
(𝑍𝑖−𝑍)2

𝑚−1

𝑚
𝑖=1  and 𝑡(1 −

𝛼

2
, 𝑚 − 1) is the upper 1 −

𝛼

2
 critical point for the t-distribution with 

(𝑚 − 1) degrees of freedom. The expected cost rate for each simulation run is: 
 

 𝑻𝒎𝒂𝒙 = 𝟏𝟎𝟎𝟎𝟎 𝑻𝒎𝒂𝒙 = 𝟏𝟎𝟎𝟎𝟎𝟎 

𝒎 = 𝟏𝟎 
 

95% CI = 3,050 
Calc. time = 37 sec 

95% CI = 488 
Calc. time = 36 min 

𝒎 = 𝟐𝟎 95% CI = 1,265 
Calc. time = 2 min 

95% CI = 194 
Calc. time = 57 min 

𝒎 = 𝟏𝟎𝟎 95% CI = 898 
Calc. time = 6 min 

95% CI = 158 
Calc. time = 2 hrs 
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�̂�𝑖 =
(𝑃𝑖

𝑈𝑆𝐷1∗(𝑐𝑈𝑆𝐷+𝑐𝑖𝑛𝑠)+𝑃𝑖
𝑈𝑆𝐷2∗(𝑐𝑈𝑆𝐷+𝑐𝑖𝑛𝑠)+𝑃𝑖

𝑆𝐷1∗(𝑐𝑆𝐷+𝑐𝑖𝑛𝑠)+𝑃𝑖
𝑆𝐷1∗(𝑐𝑆𝐷+𝑐𝑖𝑛𝑠)+𝑃𝑖

𝐶𝑀1∗𝑐𝐶𝑀+𝑃𝑖
𝐶𝑀2∗(𝑐𝐶𝑀+𝑐𝑖𝑛𝑠))

𝐸𝐶𝐿𝑖
 

Where ∀𝑖 ∈ {1,2, … , 𝑚} 
 

Table 20: Simulation procedure CBM inspection components 
 

𝑭𝒐𝒓 𝑖 = 1: 𝑚, 
     𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑘 = 0; �̂�0 = 0 𝑎𝑛𝑑 𝑅0,𝑖 = 0 
          𝑾𝒉𝒊𝒍𝒆 𝑅𝑘,1 < 𝑇𝑚𝑎𝑥  

          𝑘𝑖 = 𝑘𝑖 + 1 
               𝑰𝒇 ∃ 𝑎 𝑛𝑜𝑛 − 𝑒𝑚𝑝𝑡𝑦 𝑠𝑢𝑏𝑠𝑒𝑡 {𝐴𝑘,𝑖} ⊆ 𝐴: {𝐴𝑘,𝑖} ⊆ [𝑅𝑘−1,𝑖 + 𝑇𝐶𝑘,𝑖

, 𝑅𝑘−1,𝑖 + 𝑇𝐹𝑘,𝑖
) 

                    𝑰𝒇 ∃ 𝑎 𝑛𝑜𝑛 − 𝑒𝑚𝑝𝑡𝑦 𝑠𝑢𝑏𝑠𝑒𝑡 {𝐵𝑘,𝑖} ⊆ 𝐵: {𝐵𝑘,𝑖} ⊆ [𝑅𝑘−1,𝑖 + 𝑇𝐶𝑘,𝑖
, 𝑅𝑘−1,𝑖 + 𝑇𝐹𝑘,𝑖

) 

                         𝑰𝒇 |𝐴𝑘,𝑖| ≥ 2 
                              𝑰𝒇 |𝐵𝑘,𝑖| ≥ 2  

                                   𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠  

                                        𝑰𝒇 𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                                        𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 , 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = 

                                        (0,0,1,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                                        𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                        (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (1,0,0,0,0,0)  

                                        𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖} 

                                   𝑬𝒍𝒔𝒆 

                                        𝑰𝒇𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖}  

                                             𝑰𝒇𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝐵𝑘,𝑖(2)  

                                             𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛                                     

                                             (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,0,0,1,0,0) 

                                             𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝐵𝑘,𝑖(2)      

                                             𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                             (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,1,0,0,0,0)      

                                             𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖}       

                                        𝑬𝒍𝒔𝒆  
                                             𝑰𝒇𝐴𝑘,𝑖(2) < 𝑚𝑖𝑛{𝐵𝑘,𝑖}  

                                             𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                             (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,1,0,0,0,0)  

                                             𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝐴𝑘,𝑖(2)                                   

                                             𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛   

                                             (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,0,0,1,0,0) 

                                             𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖} 
                              𝑬𝒍𝒔𝒆  
                                   𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠  

                                        𝑰𝒇 𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖}  

                                        𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 , 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) 

                                        = (0,0,1,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                                        𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                        (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (1,0,0,0,0,0) 

                                        𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖} 

                                   𝑬𝒍𝒔𝒆  

                                        𝑰𝒇 𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖}   

                                        𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 , 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) 
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                                        = (0,1,0,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖} 

                                        𝑬𝒍𝒔𝒆                           
                                             𝑰𝒇 𝐴𝑘,𝑖(2) < 𝑚𝑖𝑛{𝐵𝑘,𝑖}        

                                             𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)  

                                             = (0,1,0,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝐴𝑘,𝑖(2) 

                                             𝑬𝒍𝒔𝒆 𝒄𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                             (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,0,0,1,0,0) 

                                             𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                         𝑬𝒍𝒔𝒆 
                              𝑰𝒇 |𝐵𝑘,𝑖| ≥ 2  

                                   𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠  

                                        𝑰𝒇 𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                                        𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 , 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) 

                                        = (0,0,1,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                                        𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                        (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (1,0,0,0,0,0)  

                                        𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖} 

                                   𝑬𝒍𝒔𝒆 

                                        𝑰𝒇 𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖}  

                                             𝑰𝒇𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝐵𝑘,𝑖(2)  

                                             𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛                                     

                                             (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,0,0,1,0,0) 

                                             𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝐵𝑘,𝑖(2)      

                                             𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                             (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,1,0,0,0,0)      

                                             𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖}       

                                        𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛                                               

                                        (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,0,0,1,0,0)  

                                        𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖}     

                              𝑬𝒍𝒔𝒆                                      
                                   𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠  

                                        𝑰𝒇 𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                                        𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 , 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) 

                                        = (0,0,1,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖} 

                                        𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                        (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (1,0,0,0,0,0)  

                                        𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖} 

                                   𝑬𝒍𝒔𝒆 

                                        𝑰𝒇 𝑚𝑖𝑛{𝐴𝑘,𝑖} > 𝑚𝑖𝑛{𝐵𝑘,𝑖}  

                                        𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 , 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)                                     

                                        = (0,1,0,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖}         

                                        𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛  

                                        (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2) = (0,0,0,1,0,0)      

                                        𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖}  

                    𝑬𝒍𝒔𝒆 
                         𝑰𝒇 |𝐴𝑘,𝑖| ≥ 2  

                              𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠 

                              𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)                                     
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                              = (1,0,0,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖}         

                              𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)  

                              = (0,1,0,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝐴𝑘,𝑖(2) 

                         𝑬𝒍𝒔𝒆 
                              𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠 

                              𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)                                     

                              = (1,0,0,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐴𝑘,𝑖}       

                              𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)  

                              = (0,0,0,0,0,1) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑇𝐹𝑘,𝑖
   

               𝑬𝒍𝒔𝒆 
                    𝑰𝒇 ∃ 𝑎 𝑛𝑜𝑛 − 𝑒𝑚𝑝𝑡𝑦 𝑠𝑢𝑏𝑠𝑒𝑡 {𝐵𝑘,𝑖} ⊆ 𝐵: {𝐵𝑘,𝑖} ⊆ [𝑅𝑘−1,𝑖 + 𝑇𝐶𝑘,𝑖

, 𝑅𝑘−1,𝑖 + 𝑇𝐹𝑘,𝑖
) 

                         𝑰𝒇 |𝐵𝑘,𝑖| ≥ 2  

                              𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠 

                              𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)                                     

                              = (0,0,1,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖}        

                              𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)  

                              = (0,0,0,1,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝐵𝑘,𝑖(2) 

                         𝑬𝒍𝒔𝒆 
                              𝑰𝒇 𝑋𝑘,𝑖  ≤ 𝑃𝑟𝑒𝑝 + 𝑃𝑡𝑟𝑠 

                              𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)                                     

                              = (0,0,1,0,0,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑚𝑖𝑛{𝐵𝑘,𝑖}        

                              𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 , 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2, 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)  

                              = (0,0,0,0,0,1) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑇𝐹𝑘,𝑖
 

                    𝑬𝒍𝒔𝒆 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 �̂�𝑘,𝑖; 𝑔𝑖𝑣𝑒𝑛 (𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 , 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2, 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1, 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 , 𝐼𝑘,𝑖
𝐶𝑀1 , 𝐼𝑘,𝑖

𝐶𝑀2)   

                    = (0,0,0,0,1,0) 𝑎𝑛𝑑 𝑅𝑘,𝑖 = 𝑇𝐹𝑘,𝑖
 

               𝑬𝒏𝒅 𝒊𝒇 
          𝑬𝒏𝒅 𝒘𝒉𝒊𝒍𝒆 
      𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑃𝑖

𝑈𝑆𝐷1, 𝑃𝑖
𝑈𝑆𝐷2, 𝑃𝑖

𝑆𝐷1, 𝑃𝑖
𝑆𝐷2, 𝑃𝑖

𝐶𝑀1 , 𝑃𝑖
𝐶𝑀2, 𝐸𝐶𝐿𝑖  𝑎𝑛𝑑 �̂�𝑖 

𝑬𝒏𝒅  

 

The values of 𝑃𝑖
𝑈𝑆𝐷1 , 𝑃𝑖

𝑈𝑆𝐷2, 𝑃𝑖
𝑆𝐷1, 𝑃𝑖

𝑆𝐷2, 𝑃𝑖
𝐶𝑀1, 𝑃𝑖

𝐶𝑀2 and 𝐸𝐶𝐿𝑖  are calculated as follows: 

𝑃𝑖
𝑈𝑆𝐷1 = ∑ (

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1 + 𝐼𝑘,𝑖

𝑃𝑀−𝐶𝑀2)
𝑘𝑖

𝑘=1
 

𝑃𝑖
𝑈𝑆𝐷2 = ∑ (

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷2

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1 + 𝐼𝑘,𝑖

𝑃𝑀−𝐶𝑀2)
𝑘𝑖

𝑘=1
 

𝑃𝑖
𝑆𝐷1 = ∑ (

𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1 + 𝐼𝑘,𝑖

𝑃𝑀−𝐶𝑀2)
𝑘𝑖

𝑘=1
 

𝑃𝑖
𝑆𝐷2 = ∑ (

𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷2

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1 + 𝐼𝑘,𝑖

𝑃𝑀−𝐶𝑀2)
𝑘𝑖

𝑘=1
 

𝑃𝑖
𝑆𝐷2 = ∑ (

𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷2

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1 + 𝐼𝑘,𝑖

𝑃𝑀−𝐶𝑀2)
𝑘𝑖

𝑘=1
 

𝑃𝑖
𝐶𝑀1 = ∑ (

𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1 + 𝐼𝑘,𝑖

𝑃𝑀−𝐶𝑀2)
𝑘𝑖

𝑘=1
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𝑃𝑖
𝐶𝑀2 = ∑ (

𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀2

𝐼𝑘,𝑖
𝑃𝑀−𝑈𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑈𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝑆𝐷1 + 𝐼𝑘,𝑖

𝑃𝑀−𝑆𝐷2 + 𝐼𝑘,𝑖
𝑃𝑀−𝐶𝑀1 + 𝐼𝑘,𝑖

𝑃𝑀−𝐶𝑀2)
𝑘𝑖

𝑘=1
 

 𝐸𝐶𝐿𝑖 =
∑ 𝑅𝑘,𝑖

𝑘𝑖
𝑘=1

𝑘𝑖
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Appendix M Costs and duration parameters Additive 
Industries 

Due to the confidentially of this report, this appendix has been removed.  



110 

Appendix N Distribution fitting for Component 12 

In this appendix, we fit a distribution to the available machine data that can be assigned to the 
degradation of Component 12. First, the functioning of Component 12 is discussed. Next, the 
distribution fitting procedure is discussed. 
 
Functioning component 12 
Due to the confidentially of this report, this section has been removed.  
 
Distribution fitting 
We have six months of data available of two machines. The degradation paths of the two machines 
are shown in Figure 48 and Figure 49. Based on machine data, we know that the degradation indicator 
when Component 12 is new in the MetalFAB1 is 8 seconds. Until now, Component 12 has failed only 
once. The degradation path of this failure is shown in Figure 48. At the end of this degradation path 
we notice a substantial increase in time. Based on the data, experts estimate that Component 12 can 
be considered as failed when the time exceeds 16 seconds. For Component 12 in Figure 49, we 
measure a time duration of more than 16 seconds once, but this component is still working. It is 
possible that a mistake is made for this data point because all points are manually extracted from the 
data. For the degradation path of Component 12, we will use 16 seconds as failure value. 

Both degradation paths show a small trend over time, which qualifies Component 12 for using the 
random coefficient model. Zhu (2016) assumes a Weibull distributed slope of the degradation path in 
his models. The Weibull function is the most commonly applied in reliability engineering because of 
its ability to describe many different failure types. As an investigation of different methods to model 
degradation paths was not part of this master thesis, we decide to use a random coefficient model 
with a Weibull distributed slope for the analysis of Component 12. It is, however, recommended for 
Additive Industries to investigate different methods in the future when the remote data makes it 
easier to analyse degradation paths of components. From the data that is shown in Figure 48 and 
Figure 49, we can extract the slope of the linear regression line through the data points, which is 
calculated as follows: 

𝑎 =
∑(𝑥 − �̅�)(𝑦 − �̅�)

∑(𝑥 − �̅�)2
 

Based on the data of six months, the slope of seconds per year is calculated. These slopes are shown 
in Table 21. 

Table 21: Slope of seconds per year 

Machine Slope of seconds per year 

1 4.64 

2 5.11 

 

Figure 48: Degradation path 1 Component 12 Figure 49: Degradation path 2 Component 12 
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For the random coefficient model, three parameters of a component are needed: 1) the degradation 
path 𝑋(𝑡), 2) the start value of the degradation path (𝑏) and 3) the failure value of the degradation 
path (𝐹). The start value of Component 12 is 8 seconds. As discussed before, experts estimate that 
the failure value of Component 12 is 16 seconds. 
 
The Distribution Fitting Tool in Matlab is used to fit a Weibull distribution to these slopes, which is 
shown in  Figure 50. We use only the Weibull distribution because we assume a Weibull failure 
distribution for all components. This tool makes use of the maximum likelihood method to fit a 
distribution. The fitted Weibull distribution has scale parameter 𝛼 = 4.99, with standard error 0.15 
and shape parameter 𝛽 = 24.81, with standard error 14.62. The standard error of the variables is 
quite high. Using the random coefficient model with a Weibull distributed slope from Appendix J leads 
to: 
 

𝑋(𝑡) = Θ𝑡 + 8 
with Θ = 𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝛼 = 4.99;  𝛽 = 24.81) and 𝐹 = 16 

 
 

  

Figure 50: Fitted Weibull distribution on degradation slopes Component 12 
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Appendix O Verification of single-item maintenance 
models 

In this appendix, the single-item maintenance models are verified. Verification means that what we 
check if the model calculates the right output values. To do so, we use the same input parameters as 
the case study of Zhu (2016). First, the usage based maintenance model is verified, followed by the 
condition based maintenance model for continuous component. Lastly, the condition model for 
inspections components is verified. 
 
Usage based maintenance model 
The input values for the usage based maintenance model are retrieved from Chapter 4 of Zhu (2016). 
The left side of Table 22 shows these input values. The usage based maintenance model of Zhu (2016) 
does not include variable 𝑃(𝑌), which is the probability that a customer accepts additional preventive 
maintenance tasks during a USD. The model of Zhu (2016) assumes that it is always possible to perform 
additional maintenance tasks during a USD. Because of this, we set the value of 𝑃(𝑌) equal to 1. 
Furthermore, the failure distribution of the component is Weibull distributed with scale parameter 𝛼 
and shape parameter 𝛽. The right side of Table 22 compares our output with the output of Zhu (2016). 
 

Table 22: Verification usage based maintenance model 

Input Output 

Parameter Value Parameter Zhu (2016) Our output 

𝑪𝑪𝑴 € 10,000 𝑨∗ 0.4 0.4 

𝑪𝑺𝑫 € 1,000 𝒁𝑼𝑩𝑴(𝑨∗) € 5,189 € 5,188 

𝑪𝑼𝑺𝑫 € 2,000 𝑷𝑺𝑫 0.857 0.855 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 0.2 𝑷𝑼𝑺𝑫 0.027 0.028 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 1.129 𝑷𝑪𝑴 0.116 0.117 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 2.101 𝑬𝑪𝑳 0.399 0.401 

𝝀 (𝒚𝒆𝒂𝒓𝒔) 2 

𝑷(𝒀) 1 

 
As can be seen in Table 22, our results are almost the same as the results of Zhu (2016). The values of 
the cost rate 𝑍𝑈𝐵𝑀(𝐴∗) and the probability 𝑃𝑆𝐷  are slightly lower. Furthermore, the values of the 
expected cycle length 𝐸𝐶𝐿 and the probabilities 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝑀 are slightly higher. The small difference 
in output can be explained by the way variable 𝑞 is determined. Zhu (2016) determines 𝑞 by iteratively 
calculating 𝑃𝑆𝐷  while we make use of a simulation to calculate variable 𝑞. Finally, we conclude that 
we implemented the model correctly because it gives almost the same output as Zhu (2016). 
 
Condition based maintenance model for continuously monitored components 
We make use of the input values for the CBM model for continuously monitored components that are 
retrieved from Chapter 3 of Zhu (2016). The model makes use of a random coefficient model with a 
Weibull distributed degradation slope with scale parameter 𝛼 and shape parameter 𝛽. The 
degradation path starts with a value of zero and the component fails when the degradation exceeds 
88. The condition based maintenance model of Zhu (2016) does not include variable 𝑃(𝑌), so again 
this value is set equal to 1. The input values of the model for continuously monitored components are 
shown on the left side and the output values on the right side of Table 23. 
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Table 23: Verification condition based maintenance model for continuously monitored components 

Input Output 

Parameter Value Parameter Zhu (2016) Our output 

𝑪𝑪𝑩𝑴 € 44,500 𝑪∗ 75.42 75.42 

𝑪𝑺𝑫 € 26,500 𝒁𝑪𝑩𝑴(𝑪∗) € 45.09 € 45.09 

𝑪𝑼𝑺𝑫 € 28,800 𝑷𝑺𝑫 0.635 0.635 

𝝉 (𝒅𝒂𝒚𝒔) 91 𝑷𝑼𝑺𝑫 0.308 0.308 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 0.159 𝑷𝑪𝑴 0.058 0.058 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 3.73 𝑬𝑪𝑳 627.400 627.400 

𝝀 (𝒅𝒂𝒚𝒔) 0.00886 

𝑷(𝒀) 1 

𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒍𝒊𝒎𝒊𝒕 𝑭 88 

𝑺𝒕𝒂𝒓𝒕 𝒗𝒂𝒍𝒖𝒆 𝑺 0 

 
Comparing our output with the output of Zhu (2016), we conclude that the results are exactly the 
same. This means that the model is implemented correctly.   
 
Condition based maintenance model for inspection components 
To verify the model for components that require an inspection, we use the same input values as Table 
23. We have introduced additional parameters for this new model. For the verification of the model, 
we set the inspection costs equal to zero. Furthermore, the probability that a service engineer has the 
component with him and replaces it immediately is set equal to 1, resulting in corresponding values 

for probabilities 𝑃𝑡𝑟𝑠 and 𝑃𝑙𝑎𝑡 equal to zero.  In this way, the model behaves the same as the model 
for continuously monitored components. The input values of the model are shown on the left side and 
the output values on the right side of Table 24. 
 

Table 24: Verification condition based maintenance model for inspection components 

Input Output 

Parameter Value Parameter Zhu (2016) Our output 

𝑪𝑪𝑴 € 44,500 𝑪∗ 75.42 75.42 

𝑪𝑺𝑫 € 26,500 𝒁𝑪𝑩𝑴(𝑪∗) € 45.09 € 45.09 

𝑪𝑼𝑺𝑫 € 28,800 𝑷𝑺𝑫 0.635 0.635 

𝑪𝒊𝒏𝒔 €0 𝑷𝑼𝑺𝑫 0.308 0.308 

𝑪𝒕𝒓𝒔 €200 𝑷𝑪𝑴 0.058 0.058 

𝝉 (𝒅𝒂𝒚𝒔) 91 𝑬𝑪𝑳 627.400 627.400 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 0.159 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 3.73 

𝝀 (𝒅𝒂𝒚𝒔) 0.00886 

𝑷(𝒀) 1 

𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒍𝒊𝒎𝒊𝒕 𝑭 88 

𝑺𝒕𝒂𝒓𝒕 𝒗𝒂𝒍𝒖𝒆 𝑺 0 

𝑷𝒓𝒆𝒑 1 

𝑷𝒕𝒓𝒔 0 

𝑷𝒍𝒂𝒕 0 

 
Comparing our output with the output of Zhu (2016), we conclude that our results are exactly the 
same as the results of the model for continuously monitored components of Zhu (2016). This means 
that the model for inspection components is implemented correctly.   
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Appendix P Validation of single-item maintenance models 

In this appendix, we validate the single-item maintenance models of Chapter 5. Validation means that 
the we test if the model is a good representation of the maintenance environment of Additive 
Industries. The accuracy of the models is examined by using extreme input values. Subsequently, the 
output is analysed, and conclusions are drawn. We start with the validation of the usage based 
maintenance model, followed by the condition based maintenance model for continuously monitored 
components. Lastly, the condition based maintenance model for inspection components is validated. 
 
Usage based maintenance model 
For the validation of the usage based maintenance model we use the data of Component 10 from the 
case study of Chapter 7. The machine and component input data that are used for the validation of 
the model are shown in Table 25.  
 

Table 25: Input data Component 10 

General input Component lifetime 
input 

Parameter Value Parameter Value 

𝑪𝑺𝑫 €2,292.5 𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 2.1 

𝑪𝑼𝑺𝑫 €2,482.5 𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 15 

𝑪𝑪𝑴 €4,162.5 𝑨 (𝒚𝒆𝒂𝒓𝒔) 1.63 

𝝉 0.5 

𝝀  5 

𝑷(𝒀)  0.8 

 
First, the calculation of the cost functions as defined in Section 6.1 is validated. The costs calculated 
by the implemented model are exactly the same as the inputs costs of Table 25. This validates that the 
costs are calculated correctly by our implemented usage based maintenance model. 
 
Next, the output of the model is validated by using extreme input values for the variables 𝜏, 𝜆, 𝐴 and 
𝑃(𝑌). We use extreme low (0.01) and high values (1 or 1000) for these variables. The input values for 
the validation are shown on the lefts side and the output on the right side of Table 26. The first row 
of Table 26 represents the basic case, which is the output when using the data from Table 25. 
 

Table 26: Validation usage based maintenance model 

Input Output 

Parameter Value 𝒁𝑼𝑩𝑴 𝑷𝑺𝑫 𝑷𝑼𝑺𝑫 𝑷𝑪𝑴 𝑬𝑪𝑳 

𝑩𝒂𝒔𝒊𝒄 𝒄𝒂𝒔𝒆  €1,489.3 0.299 0.573 0.128 1.773 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 0.01 €1,433.8 0.977 0.000 0.022 1.599 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 1000 €1,599.7 0.000 0.748 0.252 1.815 

𝝀  0.01 €1,524.3 0.665 0.002 0.332 1.912 

𝝀  1000 €1,547.1 0.002 0.975 0.022 1.629 

𝑨 (𝒚𝒆𝒂𝒓𝒔) 0.01 €18,230.5 0.651 0.348 0.000 0.126 

𝑨 (𝒚𝒆𝒂𝒓𝒔) 1000 €2,052.6 0.000 0.000 1.000 2.028 

𝑷(𝒀) 0.01 €1,520.9 0.663 0.014 0.323 1.906 

𝑷(𝒀) 1 €1,488.6 0.257 0.635 0.108 1.756 

 
An extreme low value (0.01) of variable 𝜏 leads to an enormous increase in value of 𝑃𝑆𝐷  and a decrease 
in values of 𝑃𝐶𝑀 and  𝑃𝑈𝑆𝐷. This is logical because of the large number of SDs, which results in a very 
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high probability that a component is replaced during an SD. The probability that a USD or failure of 
the component will take place between two SDs is very small. An extreme high value (1000) of variable 
𝜏 leads to a value of 𝑃𝑆𝐷  of zero, which is logical because there is almost never an SD, which 
automatically results in higher values for 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝑀. 
 
For variable 𝜆, a low value (0.01) leads to a very low value of 𝑃𝑈𝑆𝐷 , which makes sense because the 

number of USDs is extremely low. The values of 𝑃𝑆𝐷  and 𝑃𝐶𝑀 automatically decrease in this case. In 
contrast, a high value (1000) leads to a very high probability 𝑃𝑈𝑆𝐷  because the number of USDs is high. 
The probability that a component is replaced during an SD or fails is very low. 
 
When we use an extreme low value (0.01) of age limit 𝐴, the component never fails because it is 
replaced preventively during either an SD or USD. This results in a value of 𝑃𝐶𝑀 equal to zero. On the 
other hand, an extreme high value (1000) of 𝐴 leads to corrective replacement instead of preventive 
because the component never reaches its age limit, which explains the value of 𝑃𝐶𝑀 equal to one.  
 
Lastly, for variable 𝑃(𝑌), a low value (0.01) leads to a very low probability 𝑃𝑈𝑆𝐷. This is logical because 
almost none USD is accepted. In contrast, a high value (1) leads to an increase in probability 𝑃𝑈𝑆𝐷, 
because more USD visits are accepted as opportunities for preventive maintenance.  
 
In conclusion, the output values when using extreme low and high input values for variables 𝜏, 𝜆, 𝐴 
and 𝑃(𝑌) correspond with our expectations. The usage based maintenance model is tested thoroughly 
and represents the maintenance environment correctly.  
 
Condition based maintenance model for continuously monitored components 
For the validation of the condition based maintenance model for continuously monitored 
components, we use the data of Component 12 from the case study of Chapter 7. The machine and 
component input data that are used for the validation of the model are shown in Table 27.  
 

Table 27: Input data Component 12 

 

 
First, the calculation of the cost functions as defined in Section 6.1 is validated. The costs calculated 
by the implemented model are exactly the same as the inputs costs of Table 27. This validates that the 
costs are calculated correctly by our implemented continuous condition based maintenance model. 
 
Next, the output of the model is validated by using extreme input values for the variables 𝜏, 𝜆, 𝐶 and 
𝑃(𝑌). We use extreme low values (0.01 or 8.1) and high values (1, 16 or 1000) for these variables. The 
input values for the validation are shown on the lefts side and the output on the right side of Table 
28. The first row of Table 28 represents the basic case, which is the output when using the data from 
Table 27. 
 
 
 

General input Component lifetime input 

Parameter Value Parameter Value 

𝑪𝑺𝑫 €1,322.0 𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 4.99 

𝑪𝑼𝑺𝑫 €1,602.0 𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 24.81 

𝑪𝑪𝑩𝑴 €2,022.0 𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒍𝒊𝒎𝒊𝒕 𝑭 16 

𝝉 0.5 𝑺𝒕𝒂𝒓𝒕 𝒗𝒂𝒍𝒖𝒆 𝑺 8 

𝝀  5 𝑪  15.04 

𝑷(𝒀)  0.8 
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Table 28: Validation condition based maintenance model for continuously monitored components 

Input Output 

Parameter Value 𝒁𝑪𝑩𝑴_𝒄𝒐𝒏 𝑷𝑺𝑫 𝑷𝑼𝑺𝑫 𝑷𝑪𝑩𝑴 𝑬𝑪𝑳 

𝑩𝒂𝒔𝒊𝒄 𝒄𝒂𝒔𝒆  €974.8 0.584 0.332 0.085 1.512 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 0.01 €915.6 0.980 0.020 0.000 1.450 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 1000 €1,153.0 0.000 0.545 0.455 1.555 

𝝀  0.01 €952.8 0.802 0.000 0.198 1.533 

𝝀  1000 €1,106.4 0.004 0.996 0.000 1.447 

𝑪  8.1 €8,165.4 0.147 0.853 0.000 0.191 

𝑪  16  €1,203.5 0.000 0.000 1.000 1.643 

𝑷(𝒀) 0.01 €1,009.3 0.799 0.005 0.196 1.447 

𝑷(𝒀) 1 €970.6 0.542 0.390 0.069 1.524 

 
An extreme low value (0.01) of variable 𝜏 leads to an enormous increase in value of 𝑃𝑆𝐷  and a decrease 
in values of 𝑃𝐶𝐵𝑀 and  𝑃𝑈𝑆𝐷. This is logical because of the large number of SDs, which results in a very 
high probability that a component is replaced during an SD. The probability that a USD or failure of 
the component will take place between two SDs is very small. An extreme high value (1000) of variable 
𝜏 leads to a value of 𝑃𝑆𝐷  of zero, which is logical because there is almost never an SD, which 
automatically results in higher values for 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝐵𝑀. 
 
For variable 𝜆, a low value (0.01) leads to a very low value of 𝑃𝑈𝑆𝐷 , which makes sense because the 

number of USDs is extremely low. The values of 𝑃𝑆𝐷  and 𝑃𝐶𝐵𝑀 automatically decrease in this case. In 
contrast, a high value (1000) leads to a very high probability 𝑃𝑈𝑆𝐷  because the number of USDs is high. 
The probability that a component is replaced during an SD or fails is very low. 
 
When we use an extreme low value (8.1) of control limit 𝐶, the component never fails because it is 
replaced preventively during either an SD or USD. This results in a value of 𝑃𝐶𝑀 equal to zero. On the 
other hand, an extreme high value (16) of 𝐶 leads to a CBM replacement instead of a preventive 
replacement because the component behaves as a failure based maintenance component. This 
explains the value of 𝑃𝐶𝐵𝑀 equal to one.  
 
Lastly, for variable 𝑃(𝑌), a low value (0.01) leads to a very low probability 𝑃𝑈𝑆𝐷. This is logical because 
almost none USD is accepted. In contrast, a high value (1) leads to an increase in probability 𝑃𝑈𝑆𝐷, 
because more USD visits are accepted as opportunities for preventive maintenance.  
 
In conclusion, the output values when using extreme low and high input values for variables 𝜏, 𝜆, 𝐶 
and 𝑃(𝑌) correspond with our expectations. The condition based maintenance model for continuously 
monitored components is tested thoroughly and represents the maintenance environment correctly.  
 
Condition based maintenance model for inspection components 
For the validation of the condition based maintenance model for components that require an 
inspection, we use the data of Component 17 from the case study of Chapter 7. The machine and 
component input data that are used for the validation of the model are shown in Table 29.  
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Table 29: Input data Component 17 

General input Component lifetime input 

Parameter Value Parameter Value 

𝑪𝑺𝑫 €3,293.5 𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 2.5 

𝑪𝑼𝑺𝑫 €3,503.5 𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 5 

𝑪𝑪𝑴 €5,183.5 𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒍𝒊𝒎𝒊𝒕 𝑭 9  

𝝉 0.5 𝑺𝒕𝒂𝒓𝒕 𝒗𝒂𝒍𝒖𝒆 𝑺 2  

𝝀  5 𝑪 7.922 

𝑷(𝒀)  0.8 

𝑷𝒓𝒆𝒑 0.4 

𝑷𝒕𝒓𝒔 0.2 

𝑷𝒍𝒂𝒕 0.4 

 

First, the calculation of the cost functions as defined in Section 6.1 is validated. The costs calculated 
by the implemented model are exactly the same as the inputs costs of Table 29. This validates that the 
costs are calculated correctly by our implemented inspection condition based maintenance model. 
 
Next, the output of the model is validated by using extreme input values for the variables 𝜏, 𝜆, 𝐶, 𝑃(𝑌), 

𝑃𝑟𝑒𝑝, 𝑃𝑡𝑟𝑠 and 𝑃𝑙𝑎𝑡. We use extreme low values (0, 0.01 or 2.1) and high values (1, 9, 100 or 1000) for 
these variables. The input values for the validation are shown on the lefts side and the output on the 
right side of Table 30. The first row of Table 30 represents the basic case, which is the output when 
using the data from Table 29. 
 

Table 30: Validation condition based maintenance model for components that require an inspection 

Input Output 

Parameter Value 𝒁𝑪𝑩𝑴_𝒊𝒏𝒔 𝑷𝑺𝑫 𝑷𝑼𝑺𝑫 𝑷𝑪𝑴 𝑬𝑪𝑳 

𝑩𝒂𝒔𝒊𝒄 𝒄𝒂𝒔𝒆  €1,493.4 0.354 0.539 0.107 2.734 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 0.01 €4,166.4 0.975 0.024 0.000 2.556 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 100 €1,549.3 0.000 0.709 0.291 2.765 

𝝀  0.01 €1,530.0 0.542 0.002 0.456 2.878 

𝝀  1000 €23,423.0 0.003 0.997 0.000 2.555 

𝑪  2.1 €12,138.0 0.270 0.730 0.000 0.288 

𝑪  9  €1,882.3 0.000 0.000 1.000 3.018 

𝑷(𝒀) 0.01 €1,511.1 0.540 0.012 0.449 2.876 

𝑷(𝒀) 1 €1,513.4 0.312 0.612 0.075 2.712 

𝑷𝒓𝒆𝒑/𝑷𝒕𝒓𝒔/𝑷𝒍𝒂𝒕 1/0/0 €1,465.8 0.409 0.559 0.033 2.675 

𝑷𝒓𝒆𝒑/𝑷𝒕𝒓𝒔/𝑷𝒍𝒂𝒕 0/0/1 €1,505.1 0.273 0.509 0.218 2.822 

 
An extreme low value (0.01) of variable 𝜏 leads to an enormous increase in value of 𝑃𝑆𝐷  and a decrease 

in values of 𝑃𝐶𝐵𝑀 and  𝑃𝑈𝑆𝐷 . This is logical because of the large number of SDs, which results in very 
high probability that a component is replaced during an SD. The probability that a USD or CM visit of 
the component will take place between two SDs is very small. An extreme high value (1000) of variable 
𝜏 leads to a value of 𝑃𝑆𝐷  of zero, which is logical because there is almost never an SD. This results 
automatically in higher values for 𝑃𝑈𝑆𝐷  and 𝑃𝐶𝐵𝑀. 
 
For variable 𝜆, a low value (0.01) leads to a very low value of 𝑃𝑈𝑆𝐷 , which makes sense because the 
number of USDs is extremely low. The values of 𝑃𝑆𝐷  and 𝑃𝐶𝐵𝑀 automatically decrease in this case. In 
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contrast, a high value (1000) leads to a very high value of 𝑃𝑈𝑆𝐷  because the number of USDs is high. 
The probability that a component is replaced during an SD or fails is very low. 
 
When we use an extreme low value (2.1) of control limit 𝐶, the component never fails because it is 
replaced preventively during either an SD or USD, which results in a value of 𝑃𝐶𝑀 equal to zero. On 
the other hand, an extreme high value (9) of 𝐶 leads to a CBM replacement instead of a preventive 
replacement because the component behaves as a failure based maintenance component. This 
explains the value of 𝑃𝐶𝐵𝑀 equal to one.  
 
For variable 𝑃(𝑌), a low value (0.01) leads to a very low value of 𝑃𝑈𝑆𝐷. This is logical because almost 

none USD is accepted. A high value (1) leads to an increase in value of 𝑃𝑈𝑆𝐷, because more USD visits 
are accepted as opportunities for preventive maintenance.  
 

Lastly, the proportion between probabilities 𝑃𝑟𝑒𝑝, 𝑃𝑡𝑟𝑠  and 𝑃𝑙𝑎𝑡 is varied. When we set the proportion 

equal to 𝑃𝑟𝑒𝑝/𝑃𝑡𝑟𝑠/𝑃𝑙𝑎𝑡  = 1/0/0, we see that the expected cycle length 𝐸𝐶𝐿 decreases compared 
to the basic case. This is correct because the component is always replaced during the first 
maintenance moment after control limit 𝐶. The value of 𝑃𝐶𝑀 decreases because the probability that 
no maintenance opportunity occurs after the inspection and the component is replaced is equal to 

zero. When we set the proportion equal to 𝑃𝑟𝑒𝑝/𝑃𝑡𝑟𝑠/𝑃𝑙𝑎𝑡  = 0/0/1, the values of 𝐸𝐶𝐿 increases 
compared to the basic case. The value of 𝑃𝐶𝑀 increases, which is logical because the component is 
always replaced during the second maintenance moment. This increases the chance that the 
component fails between the first and second maintenance moment. 
 
In conclusion, the output values when using extreme low and high input values for variables 𝜏, 𝜆, 𝐶, 

𝑃(𝑌), 𝑃𝑟𝑒𝑝, 𝑃𝑡𝑟𝑠  and 𝑃𝑙𝑎𝑡 correspond with our expectations. The condition based maintenance model 
for components that require an inspection is tested thoroughly and represents the maintenance 
environment correctly.  
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Appendix Q Verification and validation UBM simulation 

The input values for the usage based maintenance simulation are retrieved from Chapter 4 of Zhu 
(2016), which are the same as the verification input for the UBM model of Appendix O. The left side 
of Table 31 shows these input values. The usage based maintenance model of Zhu (2016) does not 
include variable 𝑃(𝑌). Therefore, we set the value of 𝑃(𝑌) equal to 1. Furthermore, the failure 
distribution of the component is Weibull distributed with scale parameter 𝛼 and shape parameter 𝛽. 
The right side of Table 22 compares our simulation output with the output of Zhu (2016) and our 
heuristic output of Appendix O. 
 

Table 31: Verification UBM simulation 

Input Output 

Parameter Value Parameter Zhu (2016) Our output 
heuristic 

Our output 
simulation  

𝑪𝑪𝑴 €10,000 𝑨∗ 0.4 0.4 0.4 

𝑪𝑺𝑫 €1,000 𝒁𝑼𝑩𝑴(𝑨∗) €5,189 €5,188 €5,375 
(+/- €204) 

𝑪𝑼𝑺𝑫 €2,000 𝑷𝑺𝑫 0.857 0.855 0.795 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 0.2 𝑷𝑼𝑺𝑫 0.027 0.028 0.072 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 1.129 𝑷𝑪𝑴 0.116 0.117 0.133 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 2.101 𝑬𝑪𝑳 0.399 0.401 0.422 

𝝀 (𝒚𝒆𝒂𝒓𝒔) 2 

𝑷(𝒀) 1 

 
Our simulated output is approximately equal to the heuristic results of Zhu (2016). This verifies that 
the simulation as solution approach obtains the same results as the heuristic solution, which means 
that the UBM simulation is implemented correctly.   
 
For the validation of the usage based maintenance model we use the data of Component 10 from the 
case study of Chapter 7. We use the same input data as the validation of the UBM model, which is 
shown in Table 25 of Appendix P. 
 
First, the calculation of the cost functions as defined in Section 6.1 is validated. According to the input 
data of Table 25, the costs of the different types of maintenance visits are: 

𝐶𝐶𝑀 = €4,162.5 

𝐶𝑆𝐷 = €2,292.5 

𝐶𝑈𝑆𝐷 = €2,482.5 

The costs calculated by the implemented simulation are exactly the same. This validates that the costs 
are calculated correctly by our implemented usage based maintenance simulation. 
 
Next, the output of the model is validated by using extreme input values for the variables 𝜏, 𝜆, 𝐶 and 
𝑃(𝑌). We use extreme low values (0.01) and high values (1 or 1000) for these variables. The input 
values for the validation are shown on the lefts side and the output of the heuristic and simulation on 
the right side of Table 31. The first row of Table 32 represents the basic case, which is the output when 
using the data from Table 25. 
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Table 32: Validation UBM simulation 

 
With the 95% confidence interval of +/- €195 in mind, we conclude that the output of the simulation 
approximately similar to the heuristic result. As discussed in Appendix P, all results of the validation 
of the heuristic approach were in line with our expectations. Therefore, the results of the simulation 
are also in line with our expectations. This means that the simulation is thoroughly tested and can be 
used in this thesis.   
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Appendix R Verification and validation continuous CBM 
simulation 

The input values for the continuous condition based maintenance simulation are retrieved from 
Chapter 3 of Zhu (2016), which are the same as the verification input for the continuous CBM model 
of Appendix O. The input values of Zhu (2016) were stated in days, we convert these values into years. 
In this way, the confidence interval for the cost rate per year can be calculated. The left side of Table 
33 shows these input values. The condition based maintenance model of Zhu (2016) does not include 
variable 𝑃(𝑌). Therefore, we set the value of 𝑃(𝑌) equal to 1. Furthermore, the slope of the 
degradation of the component is Weibull distributed with scale parameter 𝛼 and shape parameter 𝛽. 
The right side of Table 33 compares our simulation output with the output of Zhu (2016) and our 
heuristic output of Appendix O. 
 

Table 33: Verification continuous CBM simulation 

Input Output 

Parameter Value Parameter Zhu (2016) Our output 
heuristic 

Our output 
simulation  

𝑪𝑪𝑩𝑴 €44,500 𝑨∗ 75.42 75.42 75.42 

𝑪𝑺𝑫 €26,500 𝒁𝑪𝑩𝑴_𝒄𝒐𝒏(𝑪∗) €16,458 €16,458 €16,419  
(+/- €289) 

𝑪𝑼𝑺𝑫 €28,800 𝑷𝑺𝑫 0.635 0.635 0.635 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 91/365 𝑷𝑼𝑺𝑫 0.308 0.308 0.308 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 0.159*365 𝑷𝑪𝑩𝑴 0.058 0.058 0.058 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 3.73 𝑬𝑪𝑳 1.719 1.719 1.720 

𝝀 (𝒚𝒆𝒂𝒓𝒔) 0.00886*365 

𝑷(𝒀) 1 

𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒗𝒂𝒍𝒖𝒆 88 

𝑺𝒕𝒂𝒓𝒕 𝒗𝒂𝒍𝒖𝒆 0 

 
Our simulated output is approximately equal to the heuristic results of Zhu (2016), which verifies that 
the simulation as solution approach obtains the same results as the heuristic solution. This means that 
the continuous CBM simulation is implemented correctly.   
 
For the validation of the continuous condition based maintenance model we use the data of 
Component 12 from the case study of Chapter 7. We use the same input data as the validation of the 
continuous CBM model, which is shown in Table 27 of Appendix P. 
 
First, the calculation of the cost functions as defined in Section 6.1 is validated. According to the input 
data of Table 27, the costs of the different types of maintenance visits are: 

𝐶𝑆𝐷 = €1,322 

𝐶𝑈𝑆𝐷 = €1,602 

𝐶𝐶𝐵𝑀 = €2,022 

The costs calculated by the implemented simulation are exactly the same. This validates that the costs 
are calculated correctly by our implemented continuous condition based maintenance simulation. 
 
Next, the output of the model is validated by using extreme input values for the variables 𝜏, 𝜆, 𝐶 and 
𝑃(𝑌). We use extreme low values (0.01) and high values (1 or 1000) for these variables. The input 
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values for the validation are shown on the lefts side and the output of the heuristic and simulation on 
the right side of Table 34. The first row of Table 34 represents the basic case, which is the output when 
using the data from Table 27. 
 

Table 34: Validation continuous CBM simulation 

 
 
With the 95% confidence interval of +/- €289 in mind, we conclude that the output of the simulation 
is approximately similar to the heuristic result. As discussed in Appendix P, all results of the validation 
of the heuristic approach were in line with our expectations. Therefore, the results of the simulation 
are also in line with our expectations. This means that the simulation is thoroughly tested and can be 
used in this thesis. 
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Appendix S Verification and validation inspection CBM 
simulation 

The input values for the inspection condition based maintenance simulation are retrieved from 
Chapter 3 of Zhu (2016), which are the same as the verification input for the inspection CBM model of 
Appendix O. The input values of Zhu (2016) were stated in days, we convert these values into years. 
In this way, the confidence interval for the cost rate per year can be calculated. We have introduced 
additional parameters for this new model. For the verification of the model, we set the inspection 
costs equal to zero. Furthermore, the probability that a service engineer has the component with him 
and replaces it immediately is set equal to 1, resulting in corresponding values for probabilities 𝑃𝑡𝑟𝑠 

and 𝑃𝑙𝑎𝑡 equal to zero.  In this way, the model behaves the same as the model for continuously 
monitored components. The right side of Table 35 compares our simulation output with the output of 
Zhu (2016) and our heuristic output of Appendix O. 
 

Table 35: Verification inspection CBM simulation 

Input Output 

Parameter Value Parameter Zhu (2016) Our output 
heuristic 

Our output 
simulation  

𝑪𝑪𝑩𝑴 €44,500 𝑨∗ 75.42 75.42 75.42 

𝑪𝑺𝑫 €26,500 𝒁𝑪𝑩𝑴_𝒄𝒐𝒏(𝑪∗) €16,458 €16,458 €16,417  
(+/- €194) 

𝑪𝑼𝑺𝑫 €28,800 𝑷𝑺𝑫 0.635 0.635 0.635 

𝝉 (𝒚𝒆𝒂𝒓𝒔) 91/365 𝑷𝑼𝑺𝑫 0.308 0.308 0.308 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 0.159*365 𝑷𝑪𝑴 0.058 0.058 0.058 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 3.73 𝑬𝑪𝑳 1.719 1.719 1.721 

𝝀 (𝒚𝒆𝒂𝒓𝒔) 0.00886*365 

𝑷(𝒀) 1 

𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒗𝒂𝒍𝒖𝒆 88 

𝑺𝒕𝒂𝒓𝒕 𝒗𝒂𝒍𝒖𝒆 0 

𝑷𝒓𝒆𝒑 1 

𝑷𝒕𝒓𝒔 0 

𝑷𝒍𝒂𝒕 0 

 
Our simulated output is approximately equal to the heuristic result of Zhu (2016). This verifies that the 
simulation as solution approach obtains the same results as the heuristic solution. This means that the 
inspection CBM simulation is implemented correctly.   
 
For the validation of the continuous condition based maintenance model we use the data of 
Component 17 from the case study of Chapter 7. We use the same input data as the validation of the 
inspection CBM model, which are shown in Table 29 of Appendix P. 
 
First, the calculation of the cost functions as defined in Section 6.1 is validated. According to the input 
data of Table 29, the costs of the different types of maintenance visits are: 

𝐶𝐶𝑀 = €5,183.5 

𝐶𝑆𝐷 = €3,293.5 

𝐶𝑈𝑆𝐷 = €3,503.5 
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The costs calculated by the implemented simulation are exactly the same. This validates that the costs 
are calculated correctly by our implemented inspection condition based maintenance simulation. 
 
Next, the output of the model is validated by using extreme input values for the variables 𝜏, 𝜆, 𝐶 and 
𝑃(𝑌). We use extreme low values (0.01 or 2.1) and high values (1, 100 or 1000) for these variables. 
The input values for the validation are shown on the lefts side and the output of the heuristic and 
simulation on the right side of Table 36. The first row of Table 36 represents the basic case, which is 
the output when using the data from Table 29. 
 

Table 36: Validation inspection CBM simulation 

 
 
With the 95% confidence interval of +/- €194 in mind, we conclude that the output of the simulation 
is approximately similar to the heuristic result. As discussed in Appendix P, all results of the validation 
of the heuristic approach were in line with our expectations. Therefore, the results of the simulation 
are also in line with our expectations. This means that the simulation is thoroughly tested and can be 
used in this thesis. 
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Appendix T Cost vs. availability UBM components 

In this appendix, we show the results of the usage based maintenance model applied to case study 
components. For each component with a UBM policy, the cost rate and the availability for different 
age limit values are calculated and plotted in a figure. These figures show the optimal age limit for an 
optimization problem that maximizes availability or minimizes cost respectively. For components 
shown in Figure 51, the optimal age limit both minimizes cost and maximizes availability.  
 

  

  

 

  

Figure 51: Equal optimal age limit availability maximization vs. cost minimization UBM 
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The shape of the availability line is the opposite of the shape of the cost line, which is what we expect.  
When the age limit increases, the cost rate decreases until it reaches its minimum. Hereafter, it 
increases until it stabilizes when the age limit becomes larger than the lifetime, which means that the 
component is never replaced preventively anymore. The shape of the availability line behaves in the 
same way, only it moves in the opposite direction. Furthermore, we can observe that the cost rates 
and availabilities are not smooth curves. The spikes in the curves appear at scheduled downs 𝑛𝜏, 
where 𝑡 = 0.5 and 𝑛 ∈ ℕ. The reason is that the model has a strict age limit for taking opportunities. 
Consider two scenarios: 1) When 𝐴 is just before or at 𝑛𝜏, the next opportunity after 𝐴 is almost certain 
to be an SD, because 𝑛𝜏 is just behind. 2) However, if 𝐴 is just after 𝑛𝜏, then the next SD opportunity 
is at (𝑛 + 1)𝜏, instead of 𝑛𝜏. Therefore, 𝑃𝑆𝐷  is much larger in scenario 1 than in scenario 2 when 𝐴 is 
smaller than the expected lifetime. The costs 𝑐𝑆𝐷  are lower than 𝑐𝑈𝑆𝐷  and 𝑐𝐶𝑀 , which results in a 
lower cost rate at scheduled downs 𝑛𝜏. For the larger values of 𝐴, much less USD and SD opportunities 
are taken and the probability of CM becomes larger, which means that the renewal cycles end with 
failure more often. Therefore, the spikes in the curves become less sharp when 𝐴 increases.  
 
For components shown in Figure 52, the age limit that minimizes cost is higher than the age limit that 
maximizes availability. When Additive Industries wants to increase their system availability, the age 
limits of the components in Figure 52 can be decreased, resulting in a higher cost rate. 

 
 
 
 
 
 
  

Figure 52: Different optimal age limit availability maximization vs. cost minimization UBM 

99,65

99,70

99,75

99,80

99,85

99,90

99,95

0
,1

0

0
,1

9

0
,2

8

0
,3

7

0
,4

6

0
,5

5

0
,6

4

0
,7

3

0
,8

2

0
,9

1

1
,0

0

1
,0

9

1
,1

8

1
,2

7

1
,3

6

1
,4

5

1
,5

4

1
,6

3

1
,7

2

1
,8

1

1
,9

0

1
,9

9

2
,0

8

2
,1

7

2
,2

6

2
,3

5

2
,4

4

A
va

ila
b

ili
ty

 [%
]

C
o

st
 r

at
e 

(Z
u

b
m

) [
eu

ro
/y

ea
r]

Age limit [years]

Component 5

Zubm Availability

99,45

99,50

99,55

99,60

99,65

99,70

99,75

99,80

99,85

99,90

99,95

100,00

0
,1

0

0
,1

9

0
,2

8

0
,3

7

0
,4

6

0
,5

5

0
,6

4

0
,7

3

0
,8

2

0
,9

1

1
,0

0

1
,0

9

1
,1

8

1
,2

7

1
,3

6

1
,4

5

1
,5

4

1
,6

3

1
,7

2

1
,8

1

1
,9

0

1
,9

9

2
,0

8

2
,1

7

2
,2

6

2
,3

5

2
,4

4

A
va

ila
b

ili
ty

 [%
]

C
o

st
 r

at
e 

(Z
u

b
m

) [
eu

ro
/y

ea
r]

Age limit [years]

Component 1

Zubm Availability

99,75

99,80

99,85

99,90

99,95

100,00

0
,1

0

0
,2

3

0
,3

6

0
,4

9

0
,6

2

0
,7

5

0
,8

8

1
,0

1

1
,1

4

1
,2

7

1
,4

0

1
,5

3

1
,6

6

1
,7

9

1
,9

2

2
,0

5

2
,1

8

2
,3

1

2
,4

4

2
,5

7

2
,7

0

2
,8

3

2
,9

6

3
,0

9

3
,2

2

3
,3

5

3
,4

8

A
va

ila
b

ili
ty

 [%
]

C
o

st
 r

at
e 

(Z
u

b
m

) [
eu

ro
/y

ea
r]

Age limit [years]

Component 4

Zubm Availability

99,10

99,20

99,30

99,40

99,50

99,60

99,70

99,80

99,90

100,00

0
,1

0

0
,1

9

0
,2

8

0
,3

7

0
,4

6

0
,5

5

0
,6

4

0
,7

3

0
,8

2

0
,9

1

1
,0

0

1
,0

9

1
,1

8

1
,2

7

1
,3

6

1
,4

5

1
,5

4

1
,6

3

1
,7

2

1
,8

1

1
,9

0

1
,9

9

2
,0

8

2
,1

7

2
,2

6

2
,3

5

2
,4

4

A
va

ila
b

ili
ty

 [%
]

C
o

st
 r

at
e 

(Z
u

b
m

) [
eu

ro
/y

ea
r]

Age limit [years]

Component 10

Zubm Availability



127 

Appendix U Sensitivity analysis for UBM model 

In this appendix, we show the result of the sensitivity analysis of the usage based maintenance model. 
The component that is used for this analysis is Component 4. The first variable to be analysed is 𝜆 , 
which denotes the occurrence of USDs in the model. The result of the analysis is shown in Figure 53. 
 

Figure 53: Sensitivity analysis UBM: Zubm vs. lambda 

Figure 53 shows a difference between the influence of 𝜆 on 𝑍𝑈𝐵𝑀  when the age limit is optimal (𝐴 =
2.5) and lower than optimal (𝐴 = 2.3). Both curves show an increase in cost rate 𝑍𝑈𝐵𝑀  when the value 
of 𝜆 increases. The influence of a variation in 𝜆 when the age limit is optimal is lower than the influence 
when the age limit is lower than optimal. For age limit 𝐴 = 2.5, it is not assumed that the age limit 
always lies exactly at an SD moment, because the starting point relative to the planned maintenance 
moment 𝑞 differs in each cycle. A higher value of 𝜆 means more opportunities for USDs exist between 
the age limit 𝐴 and planned maintenance moment 𝑛𝜏. As USD visits take place before SD visits, this 
shortens the average cycle length. Due to shorter cycle length, the cost rate 𝑍𝑈𝐵𝑀  increases. 
 

Next, the influence of the variable 𝑃(𝑌) is analysed, which is the probability that a customer allows 
preventive maintenance during a USD. The result of the analysis is shown in Figure 54. 
 

 
Figure 54: Sensitivity analysis UBM: Zubm vs. P(Y) 

Figure 54 shows similar images as the sensitivity analysis of variable 𝜆. This makes sense, because both 
a higher value of 𝜆 and 𝑃(𝑌) lead to a higher availability of USD moments for preventive maintenance. 
 
Another variable of which the influence is analysed is 𝜏, which is the time between two consecutive 
SDs. The result of the analysis is shown in Figure 55. 

1010

1020

1030

1040

1050

1060

1070

1080

1090

0
,0

1

0
,0

4

0
,0

7

0
,1

0

0
,1

3

0
,1

6

0
,1

9

0
,2

2

0
,2

5

0
,2

8

0
,3

1

0
,3

4

0
,3

7

0
,4

0

0
,4

3

0
,4

6

0
,4

9

0
,5

2

0
,5

5

0
,5

8

0
,6

1

0
,6

4

0
,6

7

0
,7

0

0
,7

3

0
,7

6

0
,7

9

0
,8

2

0
,8

5

0
,8

8

0
,9

1

0
,9

4

0
,9

7

1
,0

0

Zu
b

m
 [e

u
ro

/y
ea

r]

P(Y)

Cost rate (Zubm) vs. probability customer accepts USD (P(Y)) 

Zubm A=2.5 Zubm A=2.3

1000

1020

1040

1060

1080

1100

1120

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

Zu
b

m
 [e

u
ro

/y
ea

r]

Lambda [per year]

Cost rate (Zubm) vs. USD rate (Lambda) 

Zubm A=2.5 Zubm A=2.3



128 

Figure 55: Sensitivity analysis UBM: Zubm vs. tau 

In this figure, we see that when the age limit is a multiple of 𝜏, the cost rate 𝑍𝑈𝐵𝑀  shows a steep 
decrease for both an optimal age limit and a lower than optimal age limit. In case 𝜆 = 5, the number 
of SDs is slightly lower than the number of USDs. This means that the influence of 𝜏 on the cost rate is 
high. When we increase 𝜆, the proportion between SDs and USDs becomes smaller, which means that 
more SD visits have a small impact on the total number of preventive maintenance opportunities and 
therefore a small impact on the cost rate 𝑍𝑈𝐵𝑀 . This effect is shown in Figure 55 for 𝜆 = 50. In this 
case, the cost rate is higher for 𝐴 = 2.3 and lower for 𝐴 = 2.5. This is what we expected according to 
the analysis of variable 𝜆.  

 
Until now, we have analysed only the influence of different variables on the cost rate 𝑍𝑈𝐵𝑀 . Table 37 
gives insight in the effect of changing other parameters in the UBM model on the cost rate 𝑍𝑈𝐵𝑀 . The 
table is explained as follows: an increase of one in the left column leads to an increase of the cost rate 
𝑍𝑈𝐵𝑀  as shown in the right column. 
 

Table 37: Influence cost parameters on Zubm 

Parameter Influence on cost 𝒁𝑼𝑩𝑴 

𝑪𝒄𝒔𝒒 𝑃𝐶𝑀 𝐸𝐶𝐿⁄  
𝑪𝒄𝒑𝒏 1 𝐸𝐶𝐿⁄  

𝑪𝒔𝒂𝒍 (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑼𝑺𝑫 ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) ∗ (𝑃𝐶𝑀 + 𝑃𝑈𝑆𝐷) + 𝑇𝑟𝑠𝑝 ∗ 𝑃𝐶𝑀) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑺𝑫  ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑵𝒄𝒑𝒏 
− (

𝑆𝑆𝐷

𝑁𝑐𝑝𝑛2) ∗ 𝑃𝑆𝐷 𝐸𝐶𝐿⁄  

𝑳𝑪𝑴 𝑃𝐶𝑀 𝐸𝐶𝐿⁄  

𝑳𝑼𝑺𝑫 𝑃𝑈𝑆𝐷 𝐸𝐶𝐿⁄  

𝑺𝑪𝑴 𝑃𝐶𝑀 𝐸𝐶𝐿⁄  

𝑺𝑺𝑫 
(

𝑃𝑆𝐷

𝑁𝑐𝑝𝑛
) 𝐸𝐶𝐿⁄  

𝑻𝒓𝒆𝒑 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃𝐶𝑀 + 𝑃𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑻𝒄𝒂𝒍 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃𝐶𝑀 + 𝑃𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑻𝒓𝒔𝒑 (𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 ∗ 𝑃𝐶𝑀) 𝐸𝐶𝐿⁄  
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Lastly, the influence of the failure distribution of a component is analysed. The failure distribution is 
the result of fitting a distribution to failure data of a component. Unfortunately, this is not possible for 
Component 4, because it is based on expert knowledge. We assumed a Weibull distribution because 
it is most commonly applied in reliability engineering. We can give some insight in the influence of the 
failure distribution on the cost rate. Therefore, the influence of Weibull parameter 𝛽 on the optimal 
cost rate 𝑍𝑈𝐵𝑀  and 𝑍𝐹𝐵𝑀 is analysed. The value of 𝛽 for Component 4 is varied in this analysis of which 
the result is shown in Figure 56. 
 

 
Figure 56: Sensitivity analysis UBM: Zubm & Zfbm vs. beta 

The figure shows the values of cost rates 𝑍𝑈𝐵𝑀  and 𝑍𝐹𝐵𝑀 for different values of 𝛽 in the Weibull 
distribution of Component 4. A higher value of 𝛽 gives a lower cost rate 𝑍𝑈𝐵𝑀 . This is what we 
expected, because a higher value of 𝛽 means: 1) a steeper increasing failure rate of the components, 
which makes the component more attractive for preventive maintenance and 2) the MTTF of 
component is higher, which leads to a lower cost rate because the expected cycle length is longer. The 
value of 𝑍𝐹𝐵𝑀 increases when 𝛽 increases, which is logical because of the higher MTTF. The intersect 
of the two lines lies at a value of 𝛽 is 1.2. This is slightly larger than we expected, because a 𝛽 larger 
than one indicates an increasing failure rate. When a component has an increasing failure rate, it 
becomes attractive for preventive maintenance.  
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Appendix V Cost vs. availability CBM continuous 
components 

In this appendix, we show the results of the continuous condition based maintenance model applied 
to case study components. For each component with a continuous CBM policy, the cost rate and the 
availability for different control limit values are calculated and plotted in a figure. These figures show 
the optimal control limit for an optimization problem that maximizes availability or minimizes cost 
respectively. For CBM components shown in Figure 57, the control limit that minimizes cost is higher 
than the control limit that maximizes availability. When Additive Industries wants to increase their 
system availability, the control limits of the components in Figure 57 can be decreased, resulting in a 
higher cost rate. 

 
 
 
 
 
 
 
 
 
 

The shape of the availability line is the opposite of the shape of the cost line, which is what we 
expected.  When the control limit increases, the cost rate decreases until it reaches its minimum. 
Hereafter, it increases until it stabilizes when the control limit becomes larger than the lifetime, which 
means that the component is never replaced preventively anymore. The shape of the availability line 
behaves in the same way, only it moves in the opposite direction.  

Figure 57: Different optimal control limit availability maximization vs. cost minimization CBM continuous 
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Appendix W Sensitivity analysis for continuous CBM model 

In this appendix, we show the result of the sensitivity analysis of the continuous condition based 
maintenance model. The component that is used for this analysis is Component 14. The first variable 
to be analysed is 𝜆 , which denotes the occurrence of USDs in the model. The result of the analysis is 
shown in Figure 58. 

 

Figure 58 shows a significant difference between the influence of 𝜆 on 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  when the control limit 
is optimal (𝐶 = 92%) and lower than optimal (𝐶 = 85%). When the control limit is lower than 
optimal, an increase in 𝜆 first decreases the cost rate until 𝜆 = 7. After this, an increase in 𝜆 increases 
the cost rate due to shortening the cycle length by taking preventive maintenance opportunities at 
unscheduled downs instead of scheduled downs. When the control limit is optimal, an increase in 𝜆 
decreases the cost rate. This is probably because a higher value of 𝜆 increases the probability of a 
preventive replacement at a USD and thereby reduces the probability of a CBM replacement, which 
results in a lower value of 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛 . 
 
Next, the influence of the variable 𝑃(𝑌) is analysed, which is the probability that a customer allows 
preventive maintenance during a USD. The result of the analysis is shown in Figure 59. 
 
Figure 59 shows similar images as the sensitivity analysis of variable 𝜆, where both cost rates decrease 
until 𝜆 = 7.  This makes sense, because both a higher value of 𝜆 and 𝑃(𝑌) lead to a higher availability 
of USD moments for preventive maintenance. 

 

Another variable of which the influence is analysed is 𝜏, which is the time between two consecutive 
SDs. The result of the analysis is shown in Figure 60. 
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Figure 58: Sensitivity analysis continuous CBM: Zcbm_con vs. lambda 

 

Figure 59: Sensitivity analysis continuous CBM: Zcbm_con vs. P(Y) 
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In this figure, we see that when 𝜆 = 5, the curves are not smooth for both the optimal control limit 
(𝐶 = 92%) and lower than optimal control limit (𝐶 = 85%). The MTTF of Component 14 is one year. 
When the MTTF is a multiple of 𝜏, the cost rate 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  shows a steep decrease. In case 𝜆 = 5, the 
number of SDs is slightly lower than the number of USDs. This means that the influence of 𝜏 on the 
cost rate is high. When we increase 𝜆, the proportion between SDs and USDs becomes smaller, which 
means that more SD visits have a small impact on the total number of preventive maintenance 
opportunities and therefore a small impact on the cost rate 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛 . This effect is shown in Figure 
60 for 𝜆 = 50. In this case, the cost rate is higher for 𝐶 = 85% and lower for 𝐶 = 92%. This is what 
we expected according to the analysis of variable 𝜆.  

 
Until now, we have analysed only the influence of different variables on the cost rate 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛 . Table 
38 gives insight in the effect of changing other parameters in the CBM model on the cost rate 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  
of continuously monitored components. The table is explained as follows: an increase of one in the 
left column leads to an increase of the cost rate 𝑍𝑈𝐵𝑀  as shown in the right column. 
 

Table 38: Influence cost parameters on Zcbm_con 

Parameter Influence on cost 𝒁𝑪𝑩𝑴_𝒄𝒐𝒏 

𝑪𝒄𝒑𝒏 1 𝐸𝐶𝐿⁄  

𝑪𝒔𝒂𝒍 (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑼𝑺𝑫 ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) ∗ (𝑃𝐶𝐵𝑀 + 𝑃𝑈𝑆𝐷)) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑺𝑫  ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑵𝒄𝒑𝒏 
− (

𝑆𝑆𝐷

𝑁𝑐𝑝𝑛2) ∗ 𝑃𝑆𝐷 𝐸𝐶𝐿⁄  

𝑳𝑼𝑺𝑫 𝑃𝑈𝑆𝐷 𝐸𝐶𝐿⁄  

𝑺𝑺𝑫 
(

𝑃𝑆𝐷

𝑁𝑐𝑝𝑛
) 𝐸𝐶𝐿⁄  

𝑻𝒓𝒆𝒑 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃𝐶𝐵𝑀 + 𝑃𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑻𝒄𝒂𝒍 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃𝐶𝐵𝑀 + 𝑃𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

 
CBM components of which the condition inspection is performed by customers are treated as 
continuously monitored CBM components, as discussed in Section 4.4. These components are 
replaced at a CM visit when they have failed, while a component of which we can monitor the 
condition continuously is replaced just before failure at a CBM visit. This leads to a different expected 
cycle cost. Therefore, the influence of different variables on the cost rate 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  of these 
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components is different from Table 38. The influence that corresponds to customer CBM components 
is shown in Table 39. 
 

Table 39: Influence cost parameters on Zcbm_con for customer inspection components 

Parameter Influence on cost 𝒁𝑪𝑩𝑴_𝒄𝒐𝒏 

𝑪𝒄𝒔𝒒 𝑃𝐶𝑀 𝐸𝐶𝐿⁄  
𝑪𝒄𝒑𝒏 1 𝐸𝐶𝐿⁄  

𝑪𝒔𝒂𝒍 (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑼𝑺𝑫 ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) ∗ (𝑃𝐶𝑀 + 𝑃𝑈𝑆𝐷) + 𝑇𝑟𝑠𝑝 ∗ 𝑃𝐶𝑀) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑺𝑫  ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑵𝒄𝒑𝒏 
− (

𝑆𝑆𝐷

𝑁𝑐𝑝𝑛2) ∗ 𝑃𝑆𝐷 𝐸𝐶𝐿⁄  

𝑳𝑪𝑴 𝑃𝐶𝑀 𝐸𝐶𝐿⁄  

𝑳𝑼𝑺𝑫 𝑃𝑈𝑆𝐷 𝐸𝐶𝐿⁄  

𝑺𝑪𝑴 𝑃𝐶𝑀 𝐸𝐶𝐿⁄  

𝑺𝑺𝑫 
(

𝑃𝑆𝐷

𝑁𝑐𝑝𝑛
) 𝐸𝐶𝐿⁄  

𝑻𝒓𝒆𝒑 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃𝐶𝑀 + 𝑃𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑻𝒄𝒂𝒍 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃𝐶𝑀 + 𝑃𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ 𝑃𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑻𝒓𝒔𝒑 (𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 ∗ 𝑃𝐶𝑀) 𝐸𝐶𝐿⁄  

 
Lastly, the influence of the failure distribution of the degradation slope of a component is analysed. 
The degradation slope is the result of fitting a distribution to degradation data of a component. 
Unfortunately, this is not possible for Component 14, because it is based on expert knowledge. We 
assumed a random coefficient model with a Weibull distributed slope because it is most commonly 
applied in reliability engineering. We can give some insight in the influence of the degradation slope 
distribution on the cost rate. Therefore, the influence of Weibull parameter 𝛽 on the optimal cost rate 
𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  and 𝑍𝐹𝐵𝑀 is analysed. The value of 𝛽 for Component 14 is varied in this analysis of which the 
result is shown in Figure 61. 
 

 
Figure 61:Sensitivity analysis continuous CBM: Zubm & Zfbm vs. beta 

The figure shows the values of cost rates 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  and 𝑍𝐶𝑀 for different values of 𝛽 in the Weibull 
distribution of the degradation slope of Component 14. We conclude that the value 𝛽 has no 
significant influence on both cost rates 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  and 𝑍𝐶𝑀. 
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Appendix X Cost vs. availability CBM inspection 
components 

In this appendix, we show the results of the inspection condition based maintenance model applied 
to case study components. For each component with an inspection CBM policy, the cost rate and the 
availability for different control limit values are calculated and plotted in a figure. These figures show 
the optimal control limit for an optimization problem that maximizes availability or minimizes cost 
respectively. For CBM components shown in Figure 57, the control limit that minimizes cost is higher 
than the control limit that maximizes availability. When Additive Industries wants to increase their 
system availability, the control limits of the components in Figure 57 can be decreased, resulting in a 
higher cost rate. 

The shape of the availability line is the opposite of the shape of the cost line, which is what we 
expected.  When the control limit increases, the cost rate decreases until it reaches its minimum. 
Hereafter, it increases until it stabilizes when the control limit becomes larger than the lifetime, which 
means that the component is never replaced preventively anymore. The shape of the availability line 
behaves in the same way, only it moves in the opposite direction.  

 

 

  

Figure 62: Different optimal control limit availability maximization vs. cost minimization CBM inspection 
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Appendix Y Sensitivity analysis for inspection CBM model 

In this appendix, we show the result of the sensitivity analysis of the inspection condition based 
maintenance model. The component that is used for this analysis is Component 17. The first variable 
to be analysed is 𝜆 , which denotes the occurrence of USDs in the model. The result of the analysis is 
shown in Figure 63. 
 

 
Figure 63: Sensitivity analysis inspection CBM: Zcbm_ins vs. lambda 

Figure 63 shows no difference between the influence of 𝜆 on 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  when the control limit is 
optimal (𝐶 = 84.6%) and lower than optimal (𝐶 = 77%). For both control limits, an increase in 𝜆 
increases the cost rate due to shortening the cycle length by taking preventive maintenance 
opportunities at unscheduled downs instead of scheduled downs. 

 
Next, the influence of the variable 𝑃(𝑌) is analysed, which is the probability that a customer allows 
preventive maintenance during a USD. The result of the analysis is shown in Figure 64. 
 

 
Figure 64: Sensitivity analysis inspection CBM: Zcbm_ins vs. P(Y) 

Figure 64 shows similar images as the sensitivity analysis of variable 𝜆, where an increase in 𝜆 
decreases the cost rate before it starts increasing. This makes sense, because both a higher value of 𝜆 
and 𝑃(𝑌) lead to a higher availability of USD moments for preventive maintenance. 
 
Another variable of which the influence is analysed is 𝜏, which is the time between two consecutive 
SDs. The result of the analysis is shown in Figure 65. 
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Figure 65: Sensitivity analysis inspection CBM: Zcbm_ins vs. tau 

In this figure, we see that the value of 𝜏 has no influence on the cost rates of both the optimal control 
limit (𝐶 = 84.6%) and lower than optimal control limit (𝐶 = 77%). When 𝜆 is increased to 50, the 
value of 𝜏 has still no influence on the cost rate. In the new inspection CBM model, the component is 
not always replaced at the first maintenance moment after 𝐶. When the number of SDs is much 
smaller than the number of USD, an increase in SDs will have a small impact on the total number of 
preventive maintenance opportunities and therefore a small impact on the cost rate. Furthermore, 
we observe that the cost rate first decreases before it becomes constant, which is caused by the 
shortening of the cycle length.  

 

Until now, we have only analysed the influence of different variables on the cost rate 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠. Table 
40 gives insight in the effect of changing other parameters in the CBM model on the cost rate 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 
The table is explained as follows: an increase of one in the left column leads to an increase of the cost 
rate 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 as shown in the right column. 
 

Table 40: Influence cost parameters on Zcbm_ins 

Parameter Influence on cost 𝒁𝑪𝑩𝑴_𝒊𝒏𝒔 

𝑪𝒄𝒔𝒒 (𝑃1
𝐶𝑀 + 𝑃2

𝐶𝑀) 𝐸𝐶𝐿⁄  

𝑪𝒄𝒑𝒏 1 𝐸𝐶𝐿⁄  

𝑪𝒔𝒂𝒍 (𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑼𝑺𝑫 ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙 ) ∗ (𝑃1

𝐶𝑀 + 𝑃2
𝐶𝑀 + 𝑃1

𝑈𝑆𝐷 + 𝑃2
𝑈𝑆𝐷) + 𝑇𝑟𝑠𝑝 ∗ (𝑃1

𝐶𝑀 + 𝑃2
𝐶𝑀)) 𝐸𝐶𝐿⁄  

𝑪𝒔𝒚𝒔
𝑺𝑫  ((𝑇𝑟𝑒𝑝 + 𝑇𝑐𝑎𝑙 ) ∗ (𝑃1

𝑆𝐷 + 𝑃2
𝑆𝐷)) 𝐸𝐶𝐿⁄  

𝑵𝒄𝒑𝒏 
− (

𝑆𝑆𝐷

𝑁𝑐𝑝𝑛2) ∗ (𝑃1
𝑆𝐷 + 𝑃2

𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑳𝑪𝑴 (𝑃1
𝐶𝑀 + 𝑃2

𝐶𝑀) 𝐸𝐶𝐿⁄  

𝑳𝑼𝑺𝑫 (𝑃1
𝑈𝑆𝐷 + 𝑃2

𝑈𝑆𝐷) 𝐸𝐶𝐿⁄  

𝑺𝑪𝑴 (𝑃1
𝐶𝑀 + 𝑃2

𝐶𝑀) 𝐸𝐶𝐿⁄  

𝑺𝑺𝑫 
(

(𝑃1
𝑆𝐷 + 𝑃2

𝑆𝐷)

𝑁𝑐𝑝𝑛
) 𝐸𝐶𝐿⁄  

𝑻𝒓𝒆𝒑 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃1

𝐶𝑀 + 𝑃2
𝐶𝑀 + 𝑃1

𝑈𝑆𝐷 + 𝑃2
𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃1
𝑆𝐷 + 𝑃2

𝑆𝐷)) 𝐸𝐶𝐿⁄  

𝑻𝒄𝒂𝒍 ((𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃1

𝐶𝑀 + 𝑃2
𝐶𝑀 + 𝑃1

𝑈𝑆𝐷 + 𝑃2
𝑈𝑆𝐷) + (𝐶𝑠𝑦𝑠

𝑆𝐷 + 𝐶𝑠𝑎𝑙) ∗ (𝑃1
𝑆𝐷 + 𝑃2

𝑆𝐷)) 𝐸𝐶𝐿⁄  

𝑻𝒓𝒔𝒑 (𝐶𝑠𝑦𝑠
𝑈𝑆𝐷 ∗ (𝑃1

𝐶𝑀 + 𝑃2
𝐶𝑀)) 𝐸𝐶𝐿⁄  
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Lastly, the influence of the failure distribution of the degradation slope of a component is analysed. 
The degradation slope is the result of fitting a distribution to degradation data of a component. 
Unfortunately, this is not possible for Component 17, because it is based on expert knowledge. We 
assumed a random coefficient model with a Weibull distributed slope because it is most commonly 
applied in reliability engineering. We can give some insight in the influence of the degradation slope 
distribution on the cost rate. Therefore, the influence of Weibull parameter 𝛽 on the optimal cost rate 
𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 and 𝑍𝐹𝐵𝑀. The value of 𝛽 for Component 17 is varied in this analysis of which the result is 
shown in Figure 66. 
 

 
Figure 66: Sensitivity analysis inspection CBM: Zcbm_ins & Zfbm vs. beta 

The figure shows the values of cost rates 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠 and 𝑍𝐹𝐵𝑀 for different values of 𝛽 in the Weibull 
distribution of Component 17. A higher value of 𝛽 gives a higher cost rate 𝑍𝐶𝐵𝑀−𝑖𝑛𝑠. This is what we 
expected, because a higher value of 𝛽 means a steeper increasing degradation path of the 
components, which decreases the expected cycle length and simultaneously increases the probability 
𝑃𝐶𝑀 when the control limit remains the same. The value of 𝑍𝐹𝐵𝑀 increases when 𝛽 increases for the 
same reason as 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠.  
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Appendix Z Probability maintenance visit exceeds time 
restriction 

The multi-item maintenance of Zhu (2016) is extended with a time restriction on a maintenance visit, 
as discussed in Section 4.4. When the time restriction is exceeded, an additional maintenance visit is 
needed for which we need to pay set-up costs and a penalty. The calculation of the probability that a 
maintenance visit exceeds the time restriction is described in this appendix. This probability is used in 
the average cost rate function 𝑍𝑠𝑦𝑠 of the system. In Table 41, the MTTF of each component included 

in the case study of Chapter 7 is shown. With this MTTF, the probability that a component is replaced 
at a maintenance visit, either SD or USD, can be calculated. The set 𝐼 denotes the set of all components 
and consists of components that are under a continuous CBM, inspection CBM, UBM and FBM policy. 
For a component 𝑖, 𝑖 ∈ 𝐼, the expected number of replacements per year is equal to: 1 𝑀𝑇𝑇𝐹𝑖⁄ . The 
total expected number of maintenance visits per year is the sum of all SDs (1 𝜏⁄ ) and USDs (𝜆) in one 
year. The probability that component 𝑖 is replaced (𝑅𝑃𝑖) during a maintenance visit, either SD or USD, 
is equal to: 

𝑅𝑃𝑖 =

1
𝑀𝑇𝑇𝐹𝑖

1
𝜏

+ 𝜆
 

The probability that a component is replaced during a maintenance visit is shown in Table 41. Each 
maintenance visit contains different maintenance tasks, which make the duration of each 
maintenance visit different. To calculate all possible durations of a maintenance visit, all possible 
combinations of a set of components are generated. If the set has 𝑛 elements, the number 𝑘-
combinations is equal to the binomial coefficient: 

(
𝑛
𝑘

) =
𝑛!

(𝑛 − 𝑘)! 𝑘!
 

The total number of combinations for our case study, which contains 26 components, is equal to: 

∑ (
26
𝑘

) = 67,108,863

26

𝑘=1

 

For each combination 𝐶, the total duration can be calculated by adding up the repair and calibration 
time of each component in the combination. The probability this duration happens can be calculated 
by multiplying two chances. The first chance is the probability that the components of combination 𝐶 
are replaced, which is calculated by multiplying all replacement probabilities 𝑅𝑃𝑖 with each other. The 
second chance is the probability that the components that are not part of combination 𝐶 are not 
replaced, which is the multiplication of all 1 − 𝑅𝑃𝑖 with each other: 

𝑂𝑐𝑐𝑢𝑟𝑒𝑛𝑐𝑒 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = ∏ 𝑅𝑃𝑖

𝑖∈𝐶

∗ ∏ (1 − 𝑅𝑃𝑖)

𝑖∈𝐼\{𝐶}

 

The probability that a maintenance visit exceeds the time restriction is the sum of all occurrence 
probabilities of maintenance visit of which the duration exceeds the time restriction. 
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Table 41: Calculation probability exceeding time restriction 

Component  MTTF 
(years) 

Replacement  
probability 

Component 1 2 0.071 

Component 2 2 0.071 

Component 3 2 0.071 

Component 4 3 0.048 

Component 5 2 0.071 

Component 6 2 0.071 

Component 7 1 0.143 

Component 8 2 0.071 

Component 9 1 0.143 

Component 10 2 0.071 

Component 11 1 0.143 

Component 12 2 0.071 

Component 13 0.5 0.286 

Component 14 1 0.143 

Component 15 2 0.071 

Component 16 5 0.029 

Component 17 3 0.048 

Component 18 3 0.048 

Component 19 2 0.071 

Component 20 0.5 0.286 

Component 21 1 0.143 

Component 22 1 0.143 

Component 23 1 0.143 

Component 24 1 0.143 

Component 25 3 0.048 

Component 26 5 0.029 
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Appendix AA Multi-item maintenance model 

In this appendix, a model is explained to solve a maintenance optimization problem for a system with 
a mixture of components under CBM, UBM and FBM policies, by using the single-item maintenance 
models discussed previously. The single-item models, discussed in Chapter 4, cannot be applied 
directly to multi component systems because one has to deal with the economic, structural or 
stochastic dependencies among the components. This model only considers the economic 
dependence and is initially proposed by Zhu (2016) but is extended in different ways. Firstly, the model 
includes CBM components that require an inspection to determine their condition, instead of only 
continuously monitored CBM components. Secondly, a time restriction for both scheduled and 
unscheduled maintenance visits is included in the model. When the time restriction is exceeded, the 
service engineer has to come back for a second maintenance visit. During this second maintenance 
visit, only the remaining maintenance actions of the initial maintenance visit are performed. 
Therefore, the second visit does not serve as a preventive maintenance opportunity for components 
that have passed their preventive maintenance limits between the initial and the second visit. This is 
because the mathematical model of Zhu (2016) is not adapted, but we only include additional costs 
when the time restriction is exceeded. Lastly, the average availability of the system is included. 

 

Table 42: Variables for multi-item maintenance model 

Variable Definition 

𝐴𝑖  Age limit for component 𝑖 ∈ 𝐼𝑈𝐵𝑀  

𝐶𝑖  Control limit for component 𝑖 ∈ 𝐼𝐶𝐵𝑀  

𝐹𝑖  Failure limit of component 𝑖 ∈ 𝐼𝐶𝐵𝑀  

𝑃𝑡𝑖𝑚𝑒 Probability that a maintenance visit exceeds the time restriction 

𝐿𝑡𝑖𝑚𝑒  Penalty cost for exceeding time restriction in euro 

𝑆𝑆𝐷  Setup costs for a scheduled down visit 

𝑍𝑖  Average cost rate of components 𝑖 ∈ {𝐼𝑈𝐵𝑀 ∪ 𝐼𝐶𝐵𝑀 ∪ 𝐼𝐹𝐵𝑀} in euro per year 

𝑍𝑠𝑦𝑠  Average cost rate of system in euro per year obtained with the heuristic procedure 

𝜇𝑖  Expected lifetime of component 𝑖 ∈ {𝐼𝑈𝐵𝑀 ∪ 𝐼𝐶𝐵𝑀 ∪ 𝐼𝐹𝐵𝑀} in years 

𝜆 Arrival rate of USDs per year for the total system 

𝜏 Time between two scheduled downs in years 

𝜏𝐿𝐵 Lower bound time between two scheduled downs in years 

𝜏𝑈𝐵 Upper bound time between two scheduled downs in years 

 
The maintenance optimization model with a heuristic procedure is developed to optimize 1) the 
control limits of condition based components, 2) the age limits of usage based components, and 3) 
the maintenance interval for scheduled downs 𝜏 of the entire system. The main problem at system 
level is decomposed into subproblems at component level.   
 
A system consisting of multiple components that are subject to failures is considered. The set 𝐼 
denotes the set of all components, and the components are numbered as {1,…,|𝐼|}, see Figure 12 in 
Section 5.5. components within the system follow different maintenance policies. The sets of 
components that are under a continuous CBM (CCBM), inspection CBM (ICBM), UBM and FBM policy 
are denoted as 𝐼𝐶𝐶𝐵𝑀 , 𝐼𝐼𝐶𝐵𝑀 , 𝐼𝑈𝐵𝑀  and 𝐼𝐹𝐵𝑀  respectively. 
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Two types of system downs are considered in the model: 1) SDs and 2) USDs, which are caused by 
failures of either FBM, UBM or CBM components. Every SD and USD will cause a period of downtime 
and a setup cost for maintenance actions. The model minimizes the long-run average maintenance 
costs of the system by combining preventive maintenance activities of UBM and CBM components 
with the SDs and USDs. SDs are planned at fixed time points {𝜏, 2𝜏, 3𝜏, … , ∞} over an infinite horizon. 
The value of 𝜏 is a decision variable in our model. The USDs may come from the FBM, UBM or CBM 
components. The arrivals of USDs are approximated by using a Poisson process. 
 
First, the control limits 𝐶𝑖 , 𝑖 ∈  𝐼𝐶𝐶𝐵𝑀 + 𝐼𝐼𝐶𝐵𝑀  and the age limits 𝐴𝑖 , 𝑖 ∈ 𝐼𝑈𝐵𝑀  for a given 𝜏 are 
optimized. Next, the value of 𝜏 is optimized. This leads to subproblems at component level and a main 
problem at system level that have to be solved. Let us first formulate the subproblem for a given 𝜏. 
Let 𝑪 and 𝑨 be vectors consisting of all 𝐶𝑖 , 𝑖 ∈  𝐼𝐶𝐶𝐵𝑀 + 𝐼𝐼𝐶𝐵𝑀  and all 𝐴𝑖 , 𝑖 ∈ 𝐼𝑈𝐵𝑀 . The long-run 
average cost rate under a given choice for 𝑪 and 𝑨 is denoted by 𝑍𝑠𝑦𝑠(𝜏, 𝑪, 𝑨). The average cost rate 

of scheduled downs 𝑆𝑆𝐷 𝜏⁄  and all other cost rates that can be directly coupled to individual 
components are included. The multi-item maintenance model of Zhu (2016) is extended by adding a 
time restriction on a maintenance visit as discussed in Section 4.4. When a maintenance visit exceeds 
its time restriction, the service engineer has to come back at a later moment to perform the remaining 

maintenance actions. For this additional visit, set-up costs (𝑆𝑆𝐷 ) and a penalty cost (𝐿𝑡𝑖𝑚𝑒) are paid. 

The probability that a maintenance visit exceeds its time restriction (𝑃𝑡𝑖𝑚𝑒), of which the calculation 
method is explained in Section 5.7, is multiplied with the number of preventive opportunities per year, 
which consists of: 1) unscheduled downs (𝜆) and 2) scheduled downs (1 𝜏⁄ ). We multiply with the total 
number of preventive opportunities per year because each opportunity, the time restriction is 

exceeded with probability 𝑃𝑡𝑖𝑚𝑒. When an additional visit is needed, it is not considered as an SD 
opportunity, which is discussed in beginning of this section. This means that the setup costs of the 
additional visit are not included in the cost rate of scheduled downs 𝑆𝑆𝐷 𝜏⁄  in Equation 5. Let 
𝑍𝑖(𝜏, 𝑪, 𝑨) be the cost rate that is coupled to component 𝑖, 𝑖 ∈ 𝐼. The cost rate of component 𝑖 is 
calculated with the single-item models, depending on its maintenance policy. Therefore, the cost rate 
is either 𝑍𝐹𝐵𝑀 , 𝑍𝑈𝐵𝑀 , 𝑍𝐶𝐵𝑀_𝑐𝑜𝑛  or 𝑍𝐶𝐵𝑀_𝑖𝑛𝑠. Then it holds that: 

𝑍𝑠𝑦𝑠(𝜏, 𝑪, 𝑨) =
𝑆𝑆𝐷

𝜏
+ (𝜆 +

1

𝜏
) ∗ 𝑃𝑡𝑖𝑚𝑒 ∗ (𝑆𝑆𝐷 + 𝐿𝑡𝑖𝑚𝑒) + ∑ 𝑍𝑖(𝜏, 𝑪, 𝑨)

𝑖∈𝐼

 (115) 

It is assumed that the degradation processes or lifetimes of components are independent of other 
components, and components are as good as new after repair or replacement. Because of this 
assumption, the average cost rate 𝑍𝑖(𝜏, 𝑪, 𝑨) for each component 𝑖, 𝑖 ∈ 𝐼 can be determined 
separately. For FBM components, the average cost rate consists of costs due to corrective 
maintenance actions and is independent of 𝑪 and 𝑨, so it can also be written as 𝑍𝑖(𝜏, 𝑪, 𝑨) = 𝑍𝑖(𝜏) 
for all 𝑖 ∈ 𝐼𝐹𝐵𝑀 , given 𝜏. Further, for all CBM and UBM components, the average cost rate consists of 
costs due to preventive maintenance actions at SDs and USDs and costs due to corrective maintenance 
actions. For each CBM component 𝑖 ∈ 𝐼𝐶𝐶𝐵𝑀 + 𝐼𝐼𝐶𝐵𝑀  the optimal control limit 𝐶𝑖

∗ can be calculated 
that minimizes the cost rate 𝑍𝑖

∗(𝜏, 𝑪, 𝑨) = 𝑍𝑖(𝐶𝑖
∗(𝜏)), given 𝜏. Lastly, for each UBM component 𝑖 ∈

𝐼𝑈𝐵𝑀 , the optimal age limit 𝐴𝑖
∗ can be calculated that minimizes the cost rate 𝑍𝑖

∗(𝜏, 𝑪, 𝑨) =
𝑍𝑖(𝐴𝑖

∗(𝜏)), given 𝜏. Let 𝑪∗(𝜏) and 𝑨∗(𝜏) be the optimal vectors consisting of all 𝐶𝑖
∗(𝑖 ∈ 𝐼𝐶𝐶𝐵𝑀 +

𝐼𝐼𝐶𝐵𝑀) and all 𝐴𝑖
∗(𝑖 ∈ 𝐼𝑈𝐵𝑀) which minimize 𝑍𝑠𝑦𝑠(𝜏, 𝑪, 𝑨) under a given 𝜏. Then the minimum average 

cost rate for the complete system 𝑍𝑠𝑦𝑠(𝜏) for a given 𝜏 is equal to: 

𝑍𝑠𝑦𝑠(𝜏) = 𝑍𝑠𝑦𝑠(𝜏, 𝑪∗(𝜏), 𝑨∗(𝜏)) (116) 

The subproblem for a given 𝜏 is to determine the optimal control limits 𝑪∗(𝜏) and age limits 𝑨∗(𝜏) and 
the corresponding average cost rate 𝑍𝑠𝑦𝑠(𝜏). After it is possible to solve the subproblem for a given 𝜏, 

the main problem at system level can be solved: 
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𝑚𝑖𝑛
𝜏

          𝑍𝑠𝑦𝑠(𝜏) 
(117) 

                                                                 𝑠. 𝑡.          𝜏𝐿𝐵 < 𝜏 < 𝜏𝑈𝐵  

The value of 𝜏 is limited with a lower and upper bound. This gives the user the possibility to define a 
minimum and maximum number of SDs per year. The optimal maintenance interval 𝜏∗ ∈ [𝜏𝐿𝐵, 𝜏𝑈𝐵] 
can be found by minimizing the average cost rate of the system denoted by 𝑍∗

𝑠𝑦𝑠(𝜏) = 𝑍𝑠𝑦𝑠(𝜏∗). 

 
Solution approach 
First, the solution procedure of the subproblem for a given 𝜏 is discussed. Next, we describe how the 
main problem is solved. 
 
Zhu (2016) has developed a heuristic procedure that is based on approximate evaluation of the cost 
rate of an individual component 𝑍𝑖(𝜏, 𝑪, 𝑨). The control and age limits are specified one by one in an 
iterative way. In each iteration, we evaluate each component 𝑖 ∈ 𝐼𝑈𝐵𝑀 ∪ 𝐼𝐶𝐵𝑀  as an individual 
component and consider scheduled downs with fixed intervals of length 𝜏 and scheduled downs at 
certain random time point as opportunities for preventive maintenance.  
 
The first step of the heuristic procedure is the initialization step. In this step, we start with the FBM 
components. Each component 𝑖 ∈ 𝐼𝐹𝐵𝑀 , will generate unscheduled downs with rate 𝜆𝑖 = 1 𝜇𝑖⁄ . Next, 
for each CBM component 𝑖 ∈ 𝐼𝐶𝐵𝑀 , we set the control limit 𝐶𝑖  equal to 𝐹𝑖, in this case the CBM 
component behaves as an FBM component.  The CBM component will generate unscheduled downs 
with rate 𝜆𝑖 = 1 𝜇𝑖⁄ . We will do the same for UBM components, which means that the age limit for 
each UBM component 𝑖 ∈ 𝐼𝑈𝐵𝑀  is set equal to ∞.  
 
After the initialization, we optimize each of the control limits 𝐶𝑖 , 𝑖 ∈  𝐼𝐶𝐵𝑀  and age limits 𝐴𝑖 , 𝑖 ∈ 𝐼𝑈𝐵𝑀 , 
in an iterative way. Per iteration, we consider each of the components in 𝐼𝑈𝐵𝑀 ∪ 𝐼𝐶𝐵𝑀 : 
 

1. Consider a component 𝑖 ∈ 𝐼𝑈𝐵𝑀 . This component sees scheduled downs with intervals of 
length 𝜏 and unscheduled downs with rate ∑ 𝜆𝑗𝑗∈{𝐼\𝑖}  as opportunities for preventive 

maintenance actions. The optimal age limit of the component 𝐴𝑖
∗ can be found by minimizing 

the average cost rate 𝑍𝑖
∗(𝜏, 𝑪, 𝑨) = 𝑍𝑖(𝐴𝑖

∗(𝜏)). The single-item usage based maintenance 
model of Section 5.2 is used for this optimization. After we have calculated 𝐴𝑖

∗ and 𝑍𝑖(𝐴𝑖
∗(𝜏)), 

we update the rate 𝜆𝑖, based on the new 𝐴𝑖
∗, with which unscheduled downs are generated 

by component 𝑖 ∈ 𝐼𝑈𝐵𝑀. It is possible that the machine contains multiple components of type 
𝑖, therefore the rates 𝜆𝑖 and 𝑍𝑖(𝐴𝑖

∗(𝜏)) are multiplied with the number of components 𝑖 in 
the machine. 

2. Consider a component 𝑖 ∈ 𝐼𝐶𝐵𝑀 . This component sees scheduled downs with intervals of 
length 𝜏 and unscheduled downs with rate ∑ 𝜆𝑗𝑗∈{𝐼\𝑖}  as opportunities for preventive 

maintenance actions. The optimal control limit of the component 𝐶𝑖
∗ can be found by 

minimizing the average cost rate 𝑍𝑖
∗(𝜏, 𝑪, 𝑨) = 𝑍𝑖(𝐶𝑖

∗(𝜏)). The single-item condition based 
maintenance models of Section 5.3 and 5.4 are used for this optimization. After we have 
calculated 𝐶𝑖

∗ and 𝑍𝑖(𝐶𝑖
∗(𝜏)), we update the rate 𝜆𝑖, based on the new 𝐶𝑖

∗, with which 
unscheduled downs are generated by component 𝑖 ∈ 𝐼𝐶𝐵𝑀 . It is possible that the machine 
contains multiple components of type 𝑖, therefore the rates 𝜆𝑖 and 𝑍𝑖(𝐶𝑖

∗(𝜏)) are multiplied 
with the number of components 𝑖 in the machine. 

 
The iterations are continued until 𝜆𝑖 converges for all components with the total cost of the system 
𝑍𝑠𝑦𝑠𝑡(𝜏, 𝑪, 𝑨). This is achieved when 𝜆𝑖 does not change more than 0.001 for each component in 

the next iteration. This heuristic procedure is repeated for different values of 𝜏, 𝜏 ∈ [𝜏𝐿𝐵, 𝜏𝑈𝐵]. 
The optimal maintenance interval 𝜏∗ is the value of 𝜏 with the lowest average cost rate of the 



143 

system 𝑍𝑠𝑦𝑠(𝜏, 𝑪∗, 𝑨∗). The corresponding age limits 𝑨∗ and control limits 𝑪∗ of individual 

components together with the optimal maintenance interval 𝜏∗ form the optimal maintenance 
plan for the machine.  
 
The heuristic algorithm for the multi-item maintenance model of Zhu (2016) is summarized in 
Figure 67. 
 

 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

Figure 67: Heuristic algorithm multi-item maintenance model of Zhu (2016) 
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Appendix BB Verification of multi-item maintenance model 

In this appendix, the heuristic approach for the multi-item maintenance model is verified. We use the 
same input parameters as the case study of Zhu (2016), which are shown in Table 43. The variable 
𝜆𝐹𝐵𝑀 is the arrival rate of USDs due to failure of FBM components only. The failure distributions and 
degradation slopes of all components are Weibull distributed with scale parameter 𝛼 and shape 
parameter 𝛽. 
 

Table 43: Input parameters for multi-item maintenance model 

Input Value for 𝒊 = {𝟏, … , 𝟓} 
   𝑰𝑼𝑩𝑴 

Value for 𝒊 = {𝟔, … , 𝟏𝟎} 
   𝑰𝑪𝑩𝑴 

𝑪𝑼𝑺𝑫 {€2,000, €2,100, €2,200, €2,300, 
€2,400} 

{€2,500, €2,600, €2,700, €2,800, 
€2,900} 

𝑪𝑺𝑫 {€1,000, €1,050, €1,100, €1,150, 
€1,200} 

{€1,250, €1,300, €1,350, €1,400, 
€1,450} 

𝑪𝑪𝑴 {€10,000, €10,500, €11,000, €11,500, 
€12,000} 

 

𝑪𝑪𝑩𝑴  {€12,500, €13,000, €13,500, €14,000, 
€14,500} 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜶 {1.13, 1.24, 1.35, 1.46, 1.58} {1.13, 1.24, 1.35, 1.46, 1.58} 

𝑾𝒆𝒊𝒃𝒖𝒍𝒍 𝜷 {2.10, 2.31, 2.52, 2.73, 2.94} {6.01, 6.61, 7.21, 7.81, 8.41} 

𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝒍𝒊𝒎𝒊𝒕 𝑭  {100%, 100%, 100%, 100%, 100%} 

𝑺𝒕𝒂𝒓𝒕 𝒗𝒂𝒍𝒖𝒆 𝑺  {0, 0, 0, 0, 0} 

𝑺𝑺𝑫 €3,000 

𝝀𝑭𝑩𝑴 21.56 

 
To reduce the calculation time of the algorithm, the optimization of the age limit 𝐴 of UBM 
components takes place in steps of 0.1 years. The optimization of the control limit 𝐶 takes place in 
steps of 3.75, because this number results in control limits close to 𝐶∗. Table 44 compares the output 
of Zhu (2016) with our output.  
 

Table 44: Output values multi-item maintenance model 

 Output Zhu (2016) Our output 

𝝉∗ (𝒚𝒆𝒂𝒓𝒔) 0.5 0.5 

𝒁𝑺𝒚𝒔𝒕 € 187,880 € 187,057 

𝒁𝑪𝑩𝑴 {€3,130, €3,750, €4,250, €4,610, 
€4,970} 

{€3,072, €3,655, €4,121, €4,461, 
€4,840} 

𝒁𝑼𝑩𝑴 {€6,290, €5,240, €4,450, €3,850, 
€3,500} 

{€6,211, €5,238, €4,321, €3,877, 
€3,440} 

𝒁𝑭𝑩𝑴 €137,820 €137,820 

𝑪∗ {81.1%, 78.5%, 73.2%, 73.4%, 75.3%} {81.3%, 77.5%, 73.8%, 73.8%, 73.8%} 

𝑨∗ (𝒚𝒆𝒂𝒓𝒔) {0.5, 0.5, 0.5, 0.5, 0.5} {0.5, 0.5, 0.5, 0.5, 0.5} 

 
When we compare our results to the results of Zhu (2016), we see minor differences. For UBM 
components, differences can be explained by the fact that we use a simulation to estimate the value 
of 𝑞, while Zhu (2016) uses an iteration algorithm. Furthermore, we use steps of 3.75 for the 
optimization of the control limit 𝐶, which results is slightly different optimal control limits. This can 
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explain the differences in costs for CBM components. Even though we have some explanations for the 
difference in costs, the difference is still too big.  
 
When we take a closer look at the results of Chapter 5 of Zhu (2016), we find a table with details of 
the solution obtained via the heuristic procedure. The values of 𝑃𝑈𝑆𝐷 , 𝑃𝑆𝐷, 𝑃𝐶𝑀 and 𝐸𝐶𝐿 in Table 45 
are obtained from Zhu (2016). When we multiply the probabilities 𝑃𝑈𝑆𝐷, 𝑃𝑆𝐷, 𝑃𝐶𝑀 with the 
corresponding costs of Table 43 and divide this by the value of 𝐸𝐶𝐿, we get the output values that are 
shown in the sixth column of Table 45. These values are different from the output values of Table 44, 
which is strange. This difference can only be caused by using different cost parameters than stated in 
Table 43. The output values of Table 45 result in a system cost 𝑍𝑆𝑦𝑠𝑡  of €187,130, which is much closer 

to our system cost of €187,057. This small difference is caused because of the simulation and the 
optimization steps, as discussed before.   
 

Table 45: Details of solution Zhu (2016) 

  

𝑷𝑼𝑺𝑫 

 

𝑷𝑺𝑫 

 

𝑷𝑪𝑴 

 
𝑬𝑪𝑳 

𝒁  
Output  

Zhu (2016) 

𝒁 
Our 

output 

𝒊 ∈ 𝑰𝑪𝑩𝑴       
𝟏 0.938 0.045 0.017 0.852 €3,068 €3,072 
𝟐 0.957 0.027 0.016 0.747 €3,656 €3,655 
𝟑 0.884 0.109 0.006 0.635 €4,118 €4,121 
𝟒 0.806 0.188 0.006 0.583 €4,467 €4,461 
𝟓 0.762 0.230 0.008 0.551 €4,826 €4,840 

𝒊 ∈ 𝑰𝑼𝑩𝑴       
𝟏 0.457 0.361 0.182 0.492 €6,291 €6,211 
𝟐 0.348 0.527 0.125 0.497 €5,225 €5,238 
𝟑 0.256 0.661 0.083 0.500 €4,407 €4,321 
𝟒 0.167 0.780 0.054 0.500 €3,804 €3,877 
𝟓 0.125 0.840 0.035 0.501 €3,449 €3,440 

 
Even though, the output values of Zhu (2016) differ slightly from our output. After thoroughly studying 
the solution of Zhu (2016), we conclude that our multi-item maintenance model is implemented 
correctly.   
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Appendix CC Simulation procedure multi-item maintenance 

In this appendix, the simulation procedure for multi-item maintenance proposed by Zhu (2016) is 
described. The simulation is used to check the accuracy of the multi-item maintenance heuristic that 
is defined in Section 5.5. A copy of the simulation procedure of Zhu (2016) is shown in Figure 67, and 
works as follows: 

1. A timeline is generated with random arrival time points of accepted USDs caused by FBM 
components with rate 𝜆 ∗ 𝑃(𝑌). 

2. Based on the value of 𝜏, time points of SDs are placed on this timeline. 
3. Considering the failure distribution of each UBM component with corresponding 

parameters, a set of random failure times for each UBM component is generated.  Each of 
these components has a fixed value of 𝐴. Considering the degradation process of each CBM 
component, two sets of random passage times of control limit 𝐶 and failure limit 𝐹 are 
generated. Each of these components have a fixed value of 𝐶. 

4. The simulation starts at time = 0 on the timeline.   
5. For each UBM component, a random failure time is picked from the lifetime set. The timeline 

with USDs and SDs is checked whether there occurs an opportunity to replace the 
component preventively between 𝐴 and the failure time. Furthermore, we check if failures 
of other UBM or CBM components occur between 𝐴 and the failure time. These failures will 
cause additional USDs that can be used to replace the component preventively. When either 
a USD, SD or failure of other UBM or CBM components occurs, the time of the first 
opportunity is added to the set of potential maintenance points. When no opportunity 
occurs or the failure time lies before 𝐴, the failure time is added to the set of potential 
maintenance points. 

6. For each CBM component, a random passage time of 𝐶 and 𝐹 are picked from the passage 
sets. The timeline with USDs and SDs is checked whether there occurs an opportunity to 
replace the component preventively between 𝐶 and 𝐹. Furthermore, we check if failures of 
other UBM or CBM components occur between 𝐶 and 𝐹. These failures will cause additional 
USDs that can be used to replace the component preventively. If either a USD, SD or failure 
of other UBM or CBM components occurs, the time of the first opportunity is added to the 
set of potential maintenance points. When no opportunity occurs, the failure time is added 
to the set of potential maintenance points. 

7. The potential maintenance point with the lowest time point is the true maintenance point 
in a multi-item setting because we have to consider the interaction between components. 
The time point of the true maintenance point is the ending time of the maintenance cycle of 
the component that belongs to the true maintenance point. The ending time of the 
maintenance cycle is the starting time of the next maintenance cycle of the component. This 
process is iterated until the end of the timeline is reached.   

8. The average probabilities that a maintenance cycle ends in an SD, USD or CM can be 
calculated, which are multiplied with their corresponding costs to obtain the average 
expected cycle cost (ECC) for each component. The average expected cycle length is equal to 
the average of all cycle lengths for each component. The expected cost rate for each 
simulation run of each component can be calculated by dividing the ECC by the ECL. The final 
expected cost of the simulation for each component are calculated by averaging the 
expected cost rate for all simulation runs. The final expected cost rate for the complete 
system are calculated by adding up the final cost rates of all components 

9. The 95% confidence interval for the simulation can be calculated by using the final expected 
cost rate of the simulation for each component and the final expected cost rate for the 
complete system. 

 
We keep iterating the process until the end of the timeline is reached, this is different compared with 
the procedure of Zhu (2016) that iterates until the difference in cost per maintenance cycle is lower 



147 

than 𝜀. The timeline of the procedure of Zhu (2016) is not known in advance, so we are not sure 
whether the output represents the solution over an infinite horizon. Therefore, we decide to iterate 
until the end of the timeline, just like we did with the UMB simulation.  
 
For the simulation, we have to decide the number of simulation runs (number of seeds 𝑚 in 
simulation) and the length of the timeline in years (𝑇𝑚𝑎𝑥). Table 46 shows for a selection of 𝑚 and 
𝑇𝑚𝑎𝑥 the corresponding 95% confidence interval (CI) and calculation time (Calc. time). Based on the 
value of the confidence interval in relation to the calculation time, we choose to use a simulation with 
𝑇𝑚𝑎𝑥 = 10000 and 𝑚 = 20.  
 

Table 46: Different input values multi-item simulation 

 𝑻𝒎𝒂𝒙 = 𝟏𝟎𝟎𝟎 𝑻𝒎𝒂𝒙 = 𝟏𝟎𝟎𝟎𝟎 

𝒎 = 𝟏𝟎 
 

95% CI = 2,513 
Calc. time = 6 min 

95% CI = 374 
Calc. time = 1.2 hrs 

𝒎 = 𝟐𝟎 95% CI = 2,235 
Calc. time = 11 min 

95% CI = 234 
Calc. time = 2.2 hrs 

𝒎 = 𝟏𝟎𝟎 95% CI = 792 
Calc. time = 31 min 

95% CI = 41 
Calc. time = 8.3 hrs 
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Figure 68: Simulation procedure multi-item maintenance model of Zhu (2016) 
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Appendix DD Sensitivity analysis multi-item maintenance 
model 

In this appendix, we show the result of the sensitivity analysis of the multi-item maintenance model. 
For the analysis we use the same set of components that is used for the multi-item maintenance 
optimization of Section 7.3. First, the influence of the setup costs for a scheduled down (𝑆𝑆𝐷 ) are 
analysed. Next, the influence of the value of the time restriction is analysed. Finally, the influence of 
the expected lifetime of a component is analysed by changing the shape parameter 𝛼 in the failure or 
degradation distribution of components. 
 
In Figure 69, the influence of the setup costs of a scheduled down 𝑆𝑆𝐷  on the system cost rate 𝑍𝑠𝑦𝑠 is 

shown for four scenarios. The first scenario is the actual scenario with a setup cost of €720. In the 
second scenario, there are no setup costs (𝑆𝑆𝐷 = €0). The third scenario has a setup cost of 5 times 
the actual scenario (𝑆𝑆𝐷 = €3600). In the last scenario, all components are maintained under a failure 
based maintenance policy. 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 69 shows that the scenarios 𝑆𝑆𝐷 = €0 and 𝑆𝑆𝐷 = €720 outperform the scenario where all 
components are maintained correctively for every value of 𝜏. A higher value of 𝜏 means less scheduled 
downs per year. For the scenario where 𝑆𝑆𝐷 = €0, we see that the curve increases when the value of 
𝜏 increases. This is what we expected because a scheduled setup cost of €0 makes a preventive 
replacement at a scheduled down more interesting than it already was. When the value of 𝜏 increases, 
the probability that a component is replaced preventively during an SD decreases, which automatically 
results in a higher system cost. In the scenario where the setup costs are very high 𝑆𝑆𝐷 = €3600, a 
replacement during an SD becomes more expensive than a replacement during a USD. When the value 
of 𝜏 increases, the probability that a component is replaced preventively during an SD decreases. 
Therefore, the cost rate of the system decreases when the value of 𝜏 increases. Obviously, the savings 
on the setup cost when 𝜏 increases are higher than the increasing component cost rates due to higher 
probabilities of corrective replacement. 
 
Next, the influence of the value of the time restriction is analysed. Figure 70 shows two time restriction 
scenarios. The time restriction that is used in the case study of the multi-item model is 16 hours, which 
is shown on the right of Figure 70. The figure on the left shows the scenario in which the time 

Figure 69: Sensitivity analysis multi-item model: Zsys vs. Ssd 
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restriction is 8 hours. Both figures show the preventive maintenance cost rate and the probability that 
a visit exceeds the time restriction under different values of 𝜏. 

Figure 70 shows that in case of a time restriction of 8 hours, the optimal maintenance interval is still 
6 months. For this value of 𝜏, the preventive maintenance cost rate increases from €20,876 to €21,408 
when the time restriction is 8 hours instead of 16 hours, which is an increase of 2.5%. This increase is 
caused by a higher probability that a visit exceeds the time restriction, which increases from 0.0019 
to 0.0417 when the maintenance interval is 6 months. This is an increase of 20.9%. For a time 
restriction of 8 hours, the probability is still very small. This is because the total number of 
maintenance visits per year is relatively high compared to the lifetime of components, which results 
in a low probability that the component is replaced during a specific maintenance visit. In our case 
study, there are approximately 9 maintenance visits per year. When the mean time to failure of a 
component is 2 years, the component is replaced approximately once every 18 visits. This results in a 
low replacement probability.  
 
Lastly, the influence of the expected lifetime of a component is analysed by changing the shape 
parameter 𝛼 in the failure or degradation distribution of components. For this analysis, we change the 
expected lifetime of all preventive components to 1.5 times the original lifetime. In this case, the shape 
parameter 𝛼 of UBM components is multiplied with 1.5. For CBM component, the value of 𝛼 is divided 
by 1.5 because the slope of the degradation path needs to be decreased when we want to have a 
longer lifetime. The result of the analysis is shown in Figure 71. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 71 shows that when the value of 𝛼 is multiplied by 1.5, the optimal maintenance interval is 12 
months instead of 6 months. The preventive maintenance cost rate for the optimal solution decreases 
from €20,876 to €13,829. This is what we expected because longer lifetimes result in less 
replacements per year. Therefore, the optimal maintenance interval increases from 6 to 12 months. 
We conclude that longer lifetimes of components lead to higher savings by implementing the multi-
item maintenance model.  

Figure 70: Sensitivity analysis multi-item model: time restriction 
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Figure 71: Sensitivity analysis multi-item model: mean time to failure 


